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ABSTRACT 
 
Full Name : [Abdulrahman Ahmad Aldeek] 
Thesis Title : [Evaluating Market-Based Investment in EV Aggregators and Energy 
Storage] 
Major Field : [Electrical Engineering] 
Date of Degree : [May 2015] 
 
The electrical sector is evolving dramatically towards a deregulation market, which opens 
the door for many participants to invest and compete in this new market. The potential 
investments could have a technical nature like investing in the fields of power generation, 
transmission and distribution as well as providing ancillary services. The investments 
could also have a supporting role that is related to the market management or tariff 
collection. Such investment opportunities are needed in the very near future which raises 
the question about their feasibility especially from the possible investors who are 
interested in this new market. Therefore, market-based evaluations are needed for many 
new investment options. 
Electric vehicles (EV) are making an increasing penetration in the automobiles markets 
around the world. This can be explained by many economical and environmental factors 
that attract users to adopt them. EVs are not ordinary electrical loads, they are also seen 
as electrical storage units that could be charged and discharged. This fact shows that there 
is a financial opportunity in managing the charging profile of an EV fleet in order to 
provide ancillary services to the electricity market while charge the fleet. It also shows 
that there is a technical advantage that lies in the possibility of controlling the loads 
which will help the electric grid operator especially during peak hours where peak 
xxiv 
 
shaving is a priority. The concept of controlling the EV charging behavior in order to 
gain these financial and technical advantages is widely known as the Vehicle-to-Grid 
(V2G) concept and EV aggregators is the practical application of V2G.  
EV aggregation is not straight forward; aggregators need to attract EV owners and 
convince them to join the fleet. Also, dealing with a great number of EV owners adds a 
level of uncertainty about their availability at any hour during the operational day. 
Another possible choice is to invest in dedicated energy storage units that will be used in 
providing ancillary services to the market. It is a much more convenient option for the 
investor because the storage units are always available however; it requires significant 
capital investment in energy and power capacities of the energy storage units. 
In this thesis, the two possible investment options will be market-based evaluated based 
on planning aspects. These aspects are different for each investment. The fixed-tariff 
price is the main planning aspect for the case of EV aggregator while the storage sizing is 
the planning aspect for the case of using energy storage units. The relationship between 
the fixed-tariff price and percentage of participation in EV aggregator is taken into 
account while finding the optimal price where the profits are maximum. The comparison 
between the two options will be based on the maximum profits when the initial 
investment cost and the project time span are the same. The yearly profits of both options 
depend on the operational aspects that must be taken into account. This is done by finding 
the optimal battery charging and bidding strategy for each case into the ancillary services 
that will achieve the maximum operational profits.  
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 ملخص الرسالة
 عبدالرحمن أحمد امين الديك :الاسم الكامل
 
 التقييم الاقتصادي للاستثمار في مجمعات السيارات الكهربائية و أجهزة تخزين الطاقة :عنوان الرسالة
 
 هندسة الكهربائيةال :التخصص
 
 2015مايو :تاريخ الدرجة العلمية
 
 
ا متسارعا باتجاه رفع القيود الحكومية عن الاستثمار فيه، مما يفتح باب الاستثمار و ريشهد القطاع الكهربائي تطو
الفرص الاستثمارية الجديدة قد تكون ذات طبيعة تقنية كأن  .للعديد من المستثمرين في هذه السوق الجديدة المنافسة
يتم الاستثمار في انتاج الطاقة او نقلها عبر شبكات الضغط العالي او توزيعها عبر شبكات الضغط المنخفض أو أن 
الفرص الاستثمارية المتاحة قد تكون متعلقة بإدارة السوق كما أن . يتم الاستثمار في توفير الخدمات المساندة للشبكة
ستكون هذه الفرص الاستثمارية متاحة في المستقبل القريب مما يطرح السؤال عن . أو المحاسبة المالية للمشتركين
صادي مدى جدواها اقتصاديا خصوصا من قبل المهتمين بالاستثمار في الاسواق الكهربائية و لذلك فإن التقييم الاقت
 .مطلوب لجميع خيارات الاستثمار المتاحة
تشهد نسب مبيعات السيارات الكهربائية تزايدا في جميع انحاء العالم و يمكن تفسيير هذا التزايد بعدة عوامل 
العادية لا تعد السيارات الكهربائية من الاحمال الكهربائية . اقتصادية و بيئية أدت إلى ازدياد الاهتمام من قبل الزبائن
وجود هذه البطاريات يخلق فرصة . على بطاريات تخزين الطاقة التي يتم شحنها و تفريغها و لذلك لاحتوائها
اقتصادية تمكن في امكانية التحكم بشحن أسطول من السيارات الكهربائية لتوفير خدمات مساعدة يمكن طرحها في 
رات الكهربائية خلال أوقات الذورة يخلق منفعة تقنية تساعد الاسواق الكهربائية كما أن التحكم بشحن بطاريات السيا
مبدأ التحكم في سلوك شحن السيارات الكهربائية للحصول على . مشغل الشبكة الكهربائية على تخفيض الاحمال
و  )G2V( dirG-ot-elciheV الشبكة -إلى-منافع اقتصادية و تقنية معروف على شكل واسع بإسم مبدأ السيارة
 .ت الكهربائية هي التطبيق العملي لهذا المبدأاالسيارمجمعات 
مبدأ تجميع السيارات الكهربائية ليس بهذه السهولة، مجمعات السيارات تحتاج لجذب و إقناع أصحاب 
كما أن التعامل مع عدد كبير من . السيارات الكهربائية للمشاركة في أسطول السيارات الكهربائية
قدارا من عدم التيقن حول مدى توافر السيارات الكهربائية خلال أي ساعة السيارات الكهربائية يضيف م
 ivxx
 
الاستثمار في شراء بطاريات مخصصة لتوفير الخدمات المساندة للسوق . ضمن اليوم التشغيلي
يعد خيار شراء . الكهربائي هو أحد الخيارات الاخرى الممكنة بدلا عن مجمعات السيارات الكهربائية
وفير الخدمات المساندة أسهل بالنسبة للمستثمر لان البطاريات ستكون متوافرة بطاريات مخصصة لت
 .على الدوام و لكنها ستحتاج لمبلغ استثمار ضخم لتوفير قدرات الطاقة و القدرة اللازمة
هذه . الجوانب التخطيطية في عين الاعتبارفي هذه الاطروحة، سيتم تقييم الخياريين سوقيا مع أخذ 
يعد سعر شحن السيارات الكهربائية هو الجانب التخطيطي . طيطية مختلفة لكل خيارالجوانب التخ
الاساسي في حالة مجمعات السيارات الكهربائية الذي يستوجب الاختيار الامثل  أما في حالة الاستثمار 
في البطاريات المخصصة فأن حجم هذه البطاريات هو الجانب التخطيطي الاساسي الذي يستوجب 
تم أخذ العلاقة بين سعر شحن السيارات الكهربائية و نسبة الاقبال على المشاركة في . ار الامثلالاختي
المجمعات الكهربائية في عين الاعتبار عند ايجاد السعر الامثل لشحن السيارات الكهربائية الذي يحقق 
تي يحققها الخياران في تمت المفاضلة بين الخياريين على أساس المقارنة بين الارباح ال. اعلى الارباح
رباح السنوية لكل من تعتمد الا. حال استخدام نفس مبلغ الاستثمار الاساسي و نفس فترة المشروع 
الخياريين على الجوانب التشغيلية التي يجب اخذها بعين الاعتبار عن طريق ايجاد استراتيجية شحن 
البطاريات و العرض المثلى في أسواق الخدمات الكهربائية المساندة التي تحقق أعلى الارباح التشغيلية 
  . لكلا الخياريين
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1 CHAPTER 1 
INTRODUCTION 
1.1 Background 
Recent years have witnessed a dramatic increase in the usage of the electric vehicles (EV) 
and plug-in hybrid electric vehicles (PHEV). One major reason for this is the desire to 
reduce air pollution that effects the global environment and the climate severity. The 
attempts to reduce the dependence on fossil fuel are important reasons for encouraging 
this trend, especially that estimations indicate that the usage of the PHEV may reduce the 
world consumption of gasoline by 6.5 million barrels per day [1]. EVs can also be 
charged using the energy produced by renewable energy sources, which is very important 
because of the expected high penetration of renewable energy in the near future (about 
18% in 2035)[1][2]. These reasons encourage the US government for example, to set a 
goal of having one million active PHEV by the year 2015 and to develop incentives that 
will allow customers to regain the full value within the first quarter of the PHEV’s life 
span [3]. In China, expectations show that 200 million EV will be on the road by the year 
2050 [4].  
However, EVs have their own disadvantages, like the high capital cost compared to the 
internal combustion engine (ICE) cars [5] and potential impact on the electrical grid. The 
latter is caused by the unregulated charging process of the EV in the grid [6].  
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One proposed solution for such issues is the Vehicle-to-grid (V2G) concept. V2G turns 
the EV from just an ordinary electric load to a tool that can support the electric grid. This 
is achieved by controlling its charging pattern and allowing the possibility of discharging 
energy from EV back to the grid under certain constraints via an electricity market. V2G 
is very beneficial for both of the grid and the EV owners who will be compensated 
financially for providing ancillary services, such as regulation and spinning reserve.  
Obviously, a single EV does not have enough capacity to participate in an electricity 
market. Therefore, the participation of EV owner must go through an aggregator who acts 
as an intermediate party between a considerable number of EV owners and the electricity 
market [7]. The aggregator seeks the maximum profit. Hence, it is important to develop 
optimization tools for both the planning and operation of the aggregation process. 
Operational optimization means optimizing the charging strategies and bidding in the 
electricity markets [8]–[10]. For planning, optimization involves many aspects, e.g. 
designing the contract terms  between the EV owner and EV aggregator[11]. One 
important aspect is the optimal fixed-tariff price which is the price of selling energy to 
the EV owners when charging their EVs. Finding the optimal fixed-tariff price will make 
the maximum profits for an EV aggregator while taking the relationship between the 
fixed-tariff price and EV owners percentage of participation into account.  
The main idea of dealing with electric vehicles is that electric vehicles contain energy 
storage units which can be charged or discharged by an aggregator for the sake of bidding 
in the electricity market. So another possible investment could be the purchase of electric 
storage units that can be used for bidding in the market without the need to go through 
the complications of EV aggregation. The planning case for the energy storage units is 
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the case of finding the optimal storage unit size that will allow the investor to make the 
highest profits. In this thesis, these two options will be evaluated based on market-based 
rules that are applied in both cases. The optimal operational and planning parameters for 
each case will be found by first formulating optimization problems that aim to maximize 
the profits and take the technical as well as the market constraints into consideration. 
Market parameters such as the regulation up prices, regulation down prices and 
responsive reserve prices in the optimization problems are forecasted. That added a level 
of uncertainty that can be reduced by using fuzzy linear programming (FLP). Using FLP 
can help reducing the investment risk by reducing the gap between the expected and 
actual profits.  
1.2 Thesis Objectives 
The main objective of this thesis is to evaluate two investment options for an investor that 
would like to participate in a regulated electricity market. The first option is to establish 
an EV aggregator that will provide services, like regulation and spinning reserve, to the 
market using the EV batteries as storage units. The second option is to invest in buying 
dedicated storage units for the same purpose. Assessment of both options is required and 
planning and operation aspects are investigated. 
The milestones of this research are the following: 
1- To develop an operational tool for an EV aggregator that maximizes its profits 
from participating in electricity markets.  
2- To develop a planning tool for an EV aggregator that maximizes its profits from 
participating in electricity markets.  
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3- To develop an operational tool for a battery owner that maximizes its profits from 
participating in electricity markets. 
4- To develop a planning tool for battery owner that provides services to the 
electricity markets. 
5- To analyze and compare results of EV aggregation vs. battery participation. 
 
1.3 Thesis Layout 
This thesis consists of six chapters. The first chapter gives a brief background about the 
main idea behind this research. It also contains the thesis main objectives and its layout. 
The second chapter is a literature review about some fundamental concepts for this 
research. The work that considered related to concepts like the Vehicle-to-Grid (V2G), 
the EV aggregators operational and planning aspects, the energy storage units planning 
aspects and handling uncertainties were presented. 
The third chapter is about finding the optimal charging and bidding strategies for the EV 
aggregator and energy storage unit cases which will lead to the maximum operational 
profits. The optimization problems for each case are formulated with the necessary 
constraints. These operational optimization problems are important for their role in the 
market-based evaluation of the two investment options. The optimization problems are 
solved for each case and the optimal solutions were compared from technical and 
financial points of view. 
The fourth chapter is about taking the uncertainties of some operational parameters into 
account using fuzzy linear programming FLP. Fuzzy constraints were introduced into the 
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optimization problems that were solved using FLP. The resulted solutions from the fuzzy 
optimization were compared with the results of the deterministic case for each investment 
option. 
The fifth chapter is an extension for the operational market-based evaluation cases that 
were done in chapter 3. Chapter 3 assumed that both options are already available and 
needed to be optimally operated. That does not take the planning aspects into account 
especially the investment cost and the project profits during the life span of the project. 
This chapter is about a complete market-based evaluation that takes the planning and 
operational aspects into account for both investment options. The maximum profits for 
each option were found by optimizing operational and planning parameters as well. The 
best investment option is the one with the highest profits. 
The sixth chapter is an extensive summary of the important finding and results of this 
research. The chapter also contains suggested future work based on the current presented 
research. 
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2 CHAPTER 2 
LITERATURE REVIEW 
2.1 Concept of V2G 
 
The concept of Vehicle-to-grid was first introduced in [12].The authors suggested that 
electric vehicles are not just an ordinary load as was previously proposed in [13]. They 
assumed that electric vehicles can be treated as energy storage units as well which can 
help in supporting the electrical grid and will be beneficial for the grid and EV owners. 
This concept was improved further in [14], [15]. Two charging approaches were 
suggested for this concept in [16]. The first one was unidirectional V2G, or ‘load-only’ 
V2G, where EV’s were treated as a controlled load which gives the grid operators more 
flexibility in charging EV’s during peak hours by postponing the charging process to 
other times where loads are low. This type is called V1G in some papers [17]. The second 
one was bidirectional V2G, or ‘regular’ V2G, which allows EV’s to charge and discharge 
their batteries and supply the grid with power. Since US Department of Transportation’s 
statistics showed that an average vehicle spend 75% of its time parked at home [18], both 
V2G types are done while the car is parked which is both logical and doable.  
The concept of V2G has a great potential in electricity markets for providing different 
services [14], [15], [19]. In [15], the usage of EV fleet that uses V2G concept to provide 
regulation services was economically evaluated. Other studies suggested that V2G can be 
used for other services like peak shaving and providing base energy [20], [21]. 
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Regulation service provided by V2G is considered as the most promising service that can 
be introduced to the electricity market [14], [15], [22]–[25]. It is expected that 
unidirectional V2G will be implemented first due to practical reasons, like the ability of 
all already existing EV’s to participate and provide ancillary services without any 
additional hardware, the customer’s concerns about discharging their batteries, and effect 
of discharging on the batteries life time[9][13]. However, unidirectional V2G has many 
limitations; it has less capability of providing regulation and spinning reserve services. 
Also, the participation time is reduced if the battery is fully or almost fully charged. 
These factors affect the amount of profits that can be made by uni-directional V2G [9].  
Using bidirectional V2G can help the grid considerably during peak hours. For example, 
a network with one million EVs whose battery capacities average out to 16 kWh can 
provide the electric grid with 2000 MW of power at a discharging rate of 2 KW [18] for 
eight consecutive hours.  Many integration projects were launched to access this 
technology, such as the Edison project [26], the University of Delaware project [27], and 
the mobility Berlin pilot project [28]. Further information about V2G integration projects 
can be found in [29].  
2.2 Aggregator and Aggregator bidding  
 
The concept of aggregators was first introduced in [21]. The aggregator is an 
intermediary between the EV owners and the independent system operator (ISO). The 
aggregator can help the EV owners to participate efficiently in the electricity market and, 
in the same time, help the ISO in supporting the grid. The need for the aggregator stems 
from the fact that the capacity of any individual EV is too small to affect the grid. Also, 
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this small capacity is not suitable for bidding in most electricity markets [30]. 
Aggregation also decreases the forecasting uncertainty the available power in each hour 
[31]. The aggregator gives more flexibility for EV owners who participate in the 
electricity market because some owners may have some circumstances that force them to 
leave during their commitment towards the market. Other possible benefits of aggregators 
for both EV owners and electric grid are discussed thoroughly in [30].  
In [30], the authors proposed a framework that can help in implementing V2G. This 
framework suggested the existence of an aggregator which proposes a “package deal” 
with many incentives to attract the EV owners to join. The authors also suggested the 
usage of existing communication infrastructure for connecting the EVs to the aggregator.  
Many studies have been done for finding the most suitable bidding strategies for an 
aggregator into the electricity market. a comprehensive study was presented in [9], at 
which unidirectional V2G was considered for bidding in the regulation market. The 
results showed that all participants benefited from applying this algorithm, though the 
optimization objective function was to maximize the profits of the aggregator. This work 
had been extended in [10], where an optimal bidding strategy was proposed for 
participation in both regulation and spinning reserve markets, taking the unexpected 
departures of EVs during contract periods into consideration. In [32], the work in [10] 
was extended for bidirectional V2G. Degradation cost of batteries that results from the 
discharging process was taken into account. The results showed that all participants 
benefited from the suggested strategy. The previous three studies [9], [10], [32] did not 
take into account the uncertainty of parameters like regulation signals and prices.  
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Other studies in this area take into account the uncertainties associated with the problem. 
A coordination of supply offer and demand bidding strategies between a wind energy 
producer and EV aggregator was proposed in [33]. This coordination aims for the 
participation in day-ahead market and regulation market for the sake of making 
maximum profit. Unidirectional V2G was considered to charge EVs during nights. The 
uncertainties that were taken into account are those of EV driving patterns, wind, price 
and the ratio of actual dispatched energy to the value the contracted capacity of 
regulation. Stochastic mixed integer linear programming was used to find the optimal 
offering a bidding strategy. Authors in [34] proposed an optimal strategy for bidding in 
day-ahead and regulation markets as well by EV aggregator. Stochastic programming 
was also used to find the optimal strategy and to deal with energy and market 
uncertainties. The paper also classified energy derivation events to define whether system 
operator or EV aggregator are responsible for each of them. A battery model was also 
proposed for a better representation of the charging mechanism of the battery. Another 
paper [35] tried to reduce the dimensionality problem that resulted from using stochastic 
programming for finding the optimal scheduling strategy for EVs. Stochastic 
programming was used to handle the uncertainty of arrival and departure times of EVs. 
This was done by using some techniques from dynamic programming to reduce the size 
of the problem. Simulations showed that the proposed stochastic approach performed 
better than using a deterministic approach.  
A mathematical model that optimizes the scheduling of EV charging, contracting of 
power in both forward and spot markets and setting the price for customers using fixed 
price or variable price contracts was proposed in [36]. The optimization process aims to 
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maximize the retailer profit who also worked as EV aggregator. Stochastic programming 
was used to solve the optimization problem taking the uncertainties of spot market price, 
customer demand and EV demand into account. Another paper [37] proposed an optimal 
scheduling for EV charging by an aggregator who uses energy storage units to mitigate 
the uncertainties of the process that resulted from forecasting and prediction errors. The 
aggregator is supposed to participate in day ahead and real time markets. Mixed integer 
linear programming was used to solve the optimization problem, a simple polynomial –
time heuristic algorithm based on LP rounding was also used to solve the optimization 
problem. The paper also proposed a protocol for bidirectional communication between 
aggregator, EV, energy storage and the grid which helps in the integration of the 
proposed scheduling algorithm. The work in [38] proposed an optimal algorithm for 
charging EV and providing frequency regulation service by an aggregator. This algorithm 
takes the uncertainty of electricity price into account and uses Least Square Monte-Carlo 
(LSMC) for solving the optimization problem. 
2.3 Managing Uncertainties 
 
The uncertainties of some parameters related to the market environment and EV 
operation and control are one of the most important problems that should be considered 
in both power system planning and operation. The uncertainties are associated with 
energy and regulation prices, regulation deployment signals, the availability of EV’s and 
the nature of load. One of the techniques that can be used to deal with uncertainty is 
stochastic programming (SP). A few papers have used SP in finding the optimal bidding 
and charging strategies of an EV aggregator can be found in literature. Ref. [39] 
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suggested the usage of unidirectional V2G service that is used to charge EVs as a 
controllable demand. This can mitigate the risk of energy trading by a load-serving-entity 
(LSE) which uses thermal and wind power sources and has a high penetration of EVs 
(which makes it act as an EV aggregator). Mixed integer stochastic programming is used 
to formulate the problem of coordinating V2G with energy trading with an objective of 
finding the optimal bids that will maximize the LSE profits. Other paper [40] used a 
stochastic dynamic program (SDP) to formulate an optimal bidding strategy of an 
aggregator that is responsible of charging an EV fleet and provide regulation services. 
The paper considered generation and demand as equivalent market participants and the 
optimal approach has many positive effects on charging costs and distribution network 
constraints. The work in [41] proposed an optimal bidding algorithm for an EV 
aggregator that uses unidirectional V2G . Stochastic programming was used to consider 
the effect of uncertainties. The optimization aimed to maximize the profits of the 
aggregator who participated in regulation market. Also authors of [42] suggested the 
usage of Markov decision problem (MDP) to formulate the charging and frequency 
regulation capacity bids of a single EV, then it used stochastic programming to optimally 
solve it. The aim is to minimize the EV costs but the paper didn’t deal with the concept of 
aggregators.  
One drawback of using stochastic programming is the curse of dimensionality. It results 
from using large number of scenarios to model the uncertainties of all stochastic 
parameters in the problem. To avoid this, other techniques can be used.  Fuzzy set theory 
is one way of dealing with uncertainties that avoids the usage of scenarios.  It can be 
found in the literature that it is commonly used especially in unit commitment problems. 
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But to the best of our knowledge, there are very few papers that spoke about using fuzzy 
set theory for finding the optimal bidding algorithms for an EV aggregator. one of the 
two references that was found is [43] which proposed a real-time energy management 
algorithm for charging EVs. The power system has renewable energy sources that will be 
optimally scheduled using Genetic Algorithm (GA). An optimal power management 
algorithm based on fuzzy logic control is proposed to charge the EVs with an objective of 
minimizing the impact of the EV charging process on the gird which will help the 
regulation of its frequency. The other Ref. is [44] in which an optimal charging strategy 
for an EV aggregator was proposed. The authors assumed that the aggregator uses 
unidirectional V2G for providing services to the electricity market. Fuzzy set theory was 
used to represent the uncertainties in regulation prices and deployment signals provided 
by the market. The results showed that using fuzzy optimization to take these 
uncertainties into account yields both better profits for the aggregator and cheaper 
charging prices for the consumers. 
 
2.4 EV Aggregator Planning 
 
Not much work has been found about the EV aggregator long term planning in the 
literature. Much of the work that can be found in the literature about the planning of an 
EV aggregator is about operational planning issues for existing EV aggregators[45]–[49]. 
Some references discussed EV aggregators as another example of aggregation of 
controllable loads, which can be considered as a demand side management (DSM) or 
demand response (DR), more general information can be found about DSM and DR in 
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[50], [51] and a complete survey about demand response program types can be found in 
[52]. According to [53], demand response can be defined as “changes in electric usage by 
end-use customers from their normal consumption patterns in response to changes in the 
price of electricity over time, or to incentive payments designed to induce lower 
electricity use at times of high wholesale market prices or when system reliability is 
jeopardized”.  
DR programs are classified into price-based and incentive-based programs. Price-based 
programs depend on the idea of changing the price during the day according to the 
electricity demand. This encourages customers to shift their consumption from times of 
high electricity price to times of low electricity prices. The customers should sign 
contracts with DR sponsors but they will not be penalized in the case of not fulfilling 
their commitment. Examples of price-based programs are Time-of-use (TOU), real-time 
pricing (RTP) and critical-peak-pricing (CPP). Incentive-based programs depend on the 
idea of providing incentives that will encourage the consumers to participate like 
reduction of electricity prices or payments but in the same time penalize consumers who 
do not fulfill their commitment. Examples include direct load control (DLC), 
interruptible/curtailable (I/C) service, demand bidding/buyback (DB), emergency demand 
response programs (EDRP), capacity market programs (CMP), and ancillary services 
market programs (ASMP). An assessment of the reliability of these programs can be 
found in [54]. 
Little work can be found in the literature on the subject of designing an aggregator of 
controllable loads. The work in [51] used a microeconomic theory to design a demand 
response daily contract which allows demand side resources to participate in ancillary 
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services market. The paper, then, discussed the effect of such contracts on provision of 
revenues and aggregator costs. The parameters that were used for designing the contracts 
are the consumer’s characteristics, the duration of the contract and the number of 
settlement periods per contract. The aims of designing the contract are creating incentives 
that encourage consumers to participate, respecting the consumer’s privacy and designing 
a profitable aggregator. Several contract designs were designed and compared to assess 
the optimal contract. 
Some papers presented the role of an EV aggregator and the hierarchy of the electricity 
market when it includes EV aggregators. In[55] for example, a definition of an EV 
aggregator (EVA) is proposed which will lead to clarify the roles of distribution system 
operator (DSO) and Electric vehicle consumer (EVC) in a demand response program. 
The paper suggested a method for modeling the participation of EVC in the demand 
response program (DRP) as a supporter for transactions that happen between DSO and 
EVA. Both IBP (Incentive-based Program) and PBP (Price-based Program) components 
are included in the program. Using these clarified definitions of each of the components 
of the electric system, the paper proposed a methodology to design demand response 
program (DRP) and a model for management of DRP was also proposed. Results showed 
that the suggested models can help any grid operator for the operational planning and 
management of Demand response with EVs. Another work [56] also focused on the role 
of aggregators in future smart grids by proposing a hierarchical structure of a demand 
response market which takes the interactions of utility operator, home users and several 
aggregators that compete among each other. Authors of [57] proposed a framework for 
the energy aggregator model that manages the transactions between the grid and demand 
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side resources. The suggested model consisted of two parts, the first is the storage where 
electric vehicles will be used and the second part is the management strategy of the 
system which was based on Multi-agent systems (MAS). 
The main limitation of the previous papers is that they don’t discuss long term planning 
for EV aggregators. They all assume that aggregators already exist. None of these papers 
proposed market-based long term planning methods that evaluate the feasibility of the 
investment in EV aggregators.  
2.5 Storage Planning 
 
Many papers discussed the optimal sizing of storage units, especially when renewable 
energy sources are used. This is due to the fact that using renewables introduces an 
amount of uncertainty that can be mitigated by using energy storage units. In [58], a 
method to find the optimal size of storage elements needed to deal with wind and load 
uncertainties was proposed. A cost minimization problem was considered in order to find 
the optimal parameters of the storage and was solved using stochastic programming. Ref. 
[59] proposed the usage of two-staged stochastic programming optimization for the sake 
of finding the optimal size of storage that will result in the maximum profit. Compressed 
air energy storage (CAES) and the data of price and wind output from ERCOT were used 
in this research. The two-staged stochastic linear programming problem was solved using 
Sample Average Approximation (SAA), which is used to overcome the problem of 
dimensionality. Sensitivity analysis showed that increment in the fuel cost needed to 
discharge CAES or in power capacity of the storage device led to a huge decrement in the 
profits. The results showed that the profits were increased and the discarded wind was 
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decreased by the usage of storage. Also, the results showed that the increment of the wind 
profile leads to decrease the profit because this will lead to more discarded wind that 
can’t be used or stored.  
Authors of [60] proposed an operation strategy for a distribution company (DISCO) 
which aims to fulfill their commitment in the market. The strategy is divided into two 
parts, day-ahead and real time. In the day-ahead part, DISCO has to forecast the load, 
price, solar and wind power outputs, in order to determine the amount of power to be bid 
into the market. The uncertainties of the renewables were not taken into account. For the 
real time part, the strategy aims to compensate for the gaps between real power and 
predicted power in day-ahead. The optimal allocation of BESS was found by taking the 
line losses of the system into account in the objective function. The objective function 
also contains the investment, operation and maintenance costs of the BESS and aims to 
find the optimal allocation of the BESS with the corresponding battery energy capacity 
for each location.  
Ref. [61] suggested the usage of second-hand EV batteries in order to create a hybrid 
wind-battery plant. This plant is participating in the electricity production by dispatching 
it after the renewable sources production and the minima of conventional units without 
taking the case of electricity markets into account (No bidding). The plant is allowed to 
absorb power from the grid or use its own production of power to charge the batteries. A 
breakdown of remuneration sources and costs for the project was done to indicate its 
feasibility. A cost minimization optimization problem was formulated and solved where 
the decision variables are the guaranteed power, the number of hours this power is 
guaranteed and of second-hand batteries and depth of discharge.  
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The work in [62] suggested a dynamic method of finding the optimal size for the storage 
system for each time period. The authors assumed that the size of the storage changes 
over the time because it is a function of forecast error and time, so they suggest that it’s 
better for the storage to be provided into the market as a service. This will allow all 
participants to rent the needed amount of storage for a certain period of time. This 
method is suggested to avoid imbalance penalties that results from the difference between 
the bid and the actual production.  
2.6 Conclusion 
The previous literature review showed that no papers were found about the market-based 
evaluation of the investment in creating EV aggregators for the sake of participation in 
ancillary services markets. The found literature focused on the EV aggregator operation 
aspects but it did not answer the question about the feasibility of creating EV aggregators 
in the first place. It also did not optimize the EV aggregators long term planning aspects 
as well. This main aim of this research is to answer these research gaps. The literature did 
not market-based evaluate the usage of dedicated energy storage units as a substitute to 
the EV aggregators for bidding into the ancillary services markets. The planning and 
operational comparisons between the EV aggregator and dedicated energy storage units 
are very important and will be addressed in this research. The previous studies did not 
take the uncertainties while finding the optimal bidding and charging strategies for a 
bidirectional V2G EV aggregator into account which is another gap that will be 
addressed in this research. 
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3 CHAPTER 3 
OPTIMAL DETERMINISTIC BIDDING OF 
ANCILLARY SERVICES FOR EV AGGREGATOR AND 
BATTERY STORAGE 
This work is about the market-based evaluation of two investment options in the 
electricity market. The first option is the investment in establishing a bidirectional 
Vehicle-to-Grid (V2G) EV aggregator that works as an agent between the grid and 
electric vehicle (EV) owners. The EV aggregator makes its profits from bidding into 
regulation and responsive reserve market and from charging the EVs “at lower prices to 
encourage the EV owners to participate”. The other option is to invest in buying 
dedicated storage units that will be used to bid into the regulation and responsive reserve 
markets. The operational and planning aspects must be considered in the market-based 
evaluation. This chapter is about optimizing the operational aspects of both options which 
is essential for the creation of the market-based evaluation problem.   
In this chapter, an optimal deterministic charging scheme for both the EV aggregator and 
the dedicated energy storage units will be proposed with an aim of maximizing the profits 
of both investments. The charging algorithm for the EV aggregator case takes several 
constraints into consideration while bidding into the market. These constraints include the 
time and needed energy of the expected EV trips, final EV battery state of charge (SOC) 
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for each day, the possibility of unexpected EV departure, the remaining EVs to perform 
the service at each hour and the battery degradation cost. On the other hand, charging of 
dedicated storage is less constrained but the profits depend only on the bidding into the 
regulation and responsive reserve markets. Finding the deterministic optimal charging 
strategy will be done by solving an optimization problem for each case in which 
forecasted parameters, e.g. regulation and responsive reserves and deployment signals are 
used as inputs for both problems. The same case study will be used for both options and 
the charging profiles and quarterly profit results will be compared while using the same 
energy and power battery capacities and ignoring the investment costs. 
3.1 Market Overview 
 
The last decades saw a continuous process of reforming the electricity sector into a 
market-based system instead of being a non-competitive sector that is run by the 
government or a single investor. In this new hierarchy, electricity is considered a 
commodity that can be traded through a market that allows investment from different 
investors. It also divides the rigid structure of the electrical system into different stages 
than can be run by different market participants who are required to coordinate among 
each other so the whole system works perfectly. This coordination is needed because of 
the special nature of the electricity market and electricity itself as a commodity that 
differentiate them from ordinary markets and commodities. The main differences 
between electricity and other commodities are [63]: 
 The electricity market is a very fast market and any delay in any stage can cause 
significant problems to the electrical system. 
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 The generation of electrical energy must equals the demand at any time and due 
to the fact that electricity can’t be stored on large scale, it is very important to 
keep the balance between production and consumption of electricity to avoid the 
collapse of the system. 
 The electrical energy produced from a certain generating company (GENCO) 
can’t be tagged to differentiate it from other GENCO’s production and can’t be 
directed to a certain customer. 
To cope with these special characteristics, electricity market must contain two main 
sectors: 
 Day ahead Market which is a forward market that makes the deals with the 
energy producers and customers ahead of time via generation and demand bids 
and/or bilateral contracts which set the energy price and energy 
production/consumption per hour for the next day. 
 Spot Market which is an “online” electricity market that corrects any mismatch 
between the generation and demand in real time in order to maintain the stability 
of the system. The mismatch could occur for many reasons, such as the inability 
of a certain electricity producer / customer to fulfill its commitment which results 
in energy deficit /surplus at a certain time and the forecast errors especially which 
renewable energy sources are used to provide energy into the market.  
Independent service operator (ISO) is an agent that manages the relation between the 
electricity producers and customers who chose to work through it.  ISO operates the 
system in the more economical and reliable way. ISO also maintains the reliability and 
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security of the supply and it has the authority to impose penalties on participants that 
were responsible for such problems which depend on each ISO criteria. There are many 
ISO’s that can be found in the U.S and Europe and each of them has its own regulations 
and frameworks for providing different services in different markets such as energy, 
ancillary services. In this thesis, our focus is on the day-ahead ancillary services market 
and the data for simulations were taken from ERCOT market [64].  
3.1.1 Ancillary Services Market 
Ancillary services was defined by the federal energy regulation commission (FERC) as 
[65]: 
“Those services necessary to support the transmission of electric power from 
seller to purchaser given the obligations of control areas and transmitting utilities 
within those control areas to maintain reliable operations of the interconnected 
transmission system” 
The ancillary services are provided by the ISO to support the functionality, quality, 
stability and safety of the power system. The ISO can provide different kinds of ancillary 
services like the frequency control (Regulation Service), spinning and non-spinning 
reserve, voltage control, load following, black start capability, automatic generation 
control, reactive power control and system protection. Not all of these services are 
market-based. The regulation and responsive reserves services have its own market in the 
deregulated electricity market our focus in this thesis will be on these two services. 
 Regulation Market: 
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The regulation service market is responsible of handling the fast fluctuations in the 
power system that result from small unintended changes in both the generation and 
load sides. Such small changes are important to prevent because they can affect the 
system frequency which must remain within an acceptable range. That explains why 
regulation services are also called frequency control services. The participants that 
have high up/down ramp generation units can participate in providing this service and 
these units should remain connected to the power system. These units must be 
equipped with a governor and support the automatic generation control (AGC) 
functionality. 
 Spinning Reserve Market: 
This market is responsible of handling the large and unpredictable fluctuations in the 
power system that could destabilize the power system. The reserve service can be 
divided onto two categories: spinning reserve and non-spinning reserve. The 
generation units that provide the spinning reserve service must response to the 
immediate disturbances and thus, they should be always connected to the power 
system. The units that provide the non-spinning reserve are not necessarily connected 
to the power system but they can brought online after a short notice from the market. 
The reserve service can also be provided by the customers who allow temporary 
interruption of their loads. 
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3.2 Optimal Deterministic Bidding of Ancillary Services for EV 
Aggregator Performing Bidirectional V2G 
 
This part of the thesis is an enhanced version of the work presented in [32]. The 
enhancement comes from the fact that the original source has some formulations that 
needed to be written in a more clear and representative way. This enhancement was done 
after contacting the main author who I really thank and acknowledge for his important 
feedbacks. An EV can perform regulation up, regulation down and responsive reserve 
services by changing its scheduled charging rate, called the Preferred Operating Point 
(POP). The POP of each EV is assigned by the aggregator; therefore the aggregator 
should schedule each EV with the optimal POP for each hour. The capacities of each EV 
to perform regulation up MnAPi, regulation down MxAPi and responsive reserve RsRPi 
services must be optimally assigned as well.. The relationship between the four 
operational parameters can be explained using Figure ‎3-1 where it is clear that the 
regulation up, regulation down and responsive reserve capacities of the i
th
 EV at hour t 
(MnAPi, MxAPi and RsRPi) are governed by the POP for that hour and by the maximum 
charger power rate MP. The optimal assignment of these operational parameters for each 
EV at any hour makes the EV charging schedule and the aggregator bidding into the 
ancillary services markets optimal.  
3.2.1 The Objective Function 
The EV aggregator seeks maximum profits like any other investment. Therefore, the 
income and cost functions for the EV aggregator need to be formulated.  For an EV  
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Figure ‎3-1 Relationship between POP and ancillary services capacities of a certain battery at hour t. 
aggregator, the expected income sources for any given day are: the revenues from 
participating in the ancillary services markets (the regulation and responsive reserve 
markets) ,the revenues from selling energy to the EV owners in order to charge their EVs 
and the revenues from selling energy back to the grid when discharging the EV fleet 
batteries. This can be expressed mathematically as 
 
 
 
( ) ( ) ( ) ( ) ( ) ( ) ( )
[ ( )]
[ ( )] ( ) if  [ ( )] 0
RU U RD D RR R
t
i
ti
i i
ti
In day P t R t P t R t P t R t
E FP t
E FP t P t E FP t

     
 
 



       
(3.1) 
The first part of (3.1) is the summation of: the aggregator regulation up capacity at a 
certain hour in KWh ( )UR t  multiplied by the forecasted regulation up price per KWh at 
that hour ( )RUP t , the aggregator regulation down capacity at a certain hour in KWh 
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( )DR t multiplied by the forecasted regulation down price per KWh at that hour ( )RDP t ,  
and the aggregator responsive reserve capacity at a certain hour in KWh ( )RR t multiplied 
by the forecasted responsive reserve price per KWh at that hour ( )RRP t . The aggregator 
regulation up, regulation down and responsive reserve capacities for a hour (t) are 
calculated by (3.2),(3.3) and(3.4) respectively. These capacities resulted from the 
summation of the Minimum additional power draw MnAP (Which is how much the 
charging rate can go below POP in order to perform regulation up service), Maximum 
additional power draw MxAP (Which is how much the charging rate can go above POP 
in order to perform regulation down service) and the reduction in power draw available 
after participating into the regulation market to perform responsive reserve RsRP over the 
number of the EV fleet cars NEV at hour t. 
1
( ) ( )
NEV
U i
i
R t MnAP t

         (3.2) 
1
( ) ( )
NEV
D i
i
R t MxAP t

   (3.3) 
1
( ) ( )
NEV
R i
i
R t RsRP t

   (3.4) 
The second part of (3.1) represents the aggregator’s revenue from selling energy to EV 
owner and it is coming from multiplying the expected power draw of all EVs at hour t by 
a fixed pre-determined charging tariff β. 
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Since the EV aggregator is optimizing the EV parameters in advanced, the actual power 
draw of the EVs is not known. Instead, expected power draw of each car is used. The 
expected power draw of any EV at hour t [ ( )]iE FP t  is a function of the decision 
variables POP, MxAP, MnAP and RsRP of that EV at hour t. It is also a function of the 
expected regulation up, regulation down and responsive reserve capacities that will be 
dispatched at that hour, as shown in (3.5). The calculation of ExU, ExD and ExR is 
discussed in [32].  
[ ( )] ( ) ( ) ( )
                              ( ) ( ) ( ) ( )
i i D i
i U i R
E FP t MxAP t Ex t POP t
MnAP t Ex t RsRP t Ex t
  
   
 (3.5) 
The third part of (3.1) represents the revenues that resulted only when the energy is being 
sold to the market by the aggregator. The expected power draw of i
th 
EV at hour t 
[ ( )]iE FP t  is multiplied by the energy price per kWh at hour t ( )P t  if [ ( )]iE FP t  is 
negative which indicates a discharging process.  
The cost sources of the EV aggregator come from buying the energy that is needed to 
charge the EV fleet from the energy market, the EV battery degradation cost that is 
needed to be paid to the EV owners whenever his/her EV battery is discharging back to 
the grid and from buying the energy from EV owners when discharging their EVs. The 
daily expected cost equation of the EV aggregator is   
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 
 
 
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
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


       (3.6) 
The first part of the cost equation is the EV fleet charging cost that is paid by the 
aggregator to the energy market which is the multiplication of the positive expected 
power draw of the i
th
 EV [ ( )]iE FP t  at hour t (which indicates a charging process) by the 
forecasted energy price per kWh at hour t ( )P t . The second part of the cost equation 
represents EV battery degradation cost that is needed to be paid to the EV owners 
whenever his/her EV battery is discharging energy back to the grid by the EV aggregator 
when dispatching regulation and/or responsive reserve services. The degradation cost is 
calculated by multiplying a more conservative estimate of negative expected power draw 
of the i
th
 EV (which indicates a discharging process) at hour t [ ( )]iE FP t

 by the battery 
discharging cost per kWh ( iDC ). [ ( )]iE FP t

 is considered as a more conservative 
estimation of the power draw because it depends on the regulation up and responsive 
reserve services only as seen in(3.7). 
[ ( )] ( ) ( ) ( ) ( ) ( )i i i U i RE FP t POP t MnAP t Ex t RsRP t Ex t
       (3.7) 
The division by the efficiency was done to take the battery efficiency losses when 
discharging into account. The battery discharging cost equation iDC  for any EV is 
28 
 
21
0.042
312
i
i
i
EfBatC
DC
Ef

 
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 (3.8) 
The first term (3.8) represents the battery chemistry degradation cost. This results from 
discharging the battery which leads to reducing its life time of it. According to [66],[67], 
the Lithium-Ion battery discharging cost is 0.042$/KWh when the battery replacement 
cost is 312 $/KWh, so for a certain battery replacement cost BatC, the battery chemistry 
degradation cost BatC is normalized by 312 and then multiplied by 0.042. The second 
term in(3.8) is included to prevent round trip efficiency abuse by the aggregator.  This 
abuse happens from the facts that first; the aggregator makes money from selling energy 
to the EVs. The second fact is that the battery is not 100% efficient. If the battery 
efficiency is assumed to be 90% and the aggregator is going to charge a certain EV with, 
say, 4 KWh, the meter will read 4 KWh but the EV battery will get only 3.6 KWh. The 
owner is obligated to pay for the original 4 KWh so he loses 0.4 KWh. In the case of 
discharging, if the aggregator needs to discharge the EV in order to get 4 KWh, the EV 
battery needs to be discharged by an amount of 4.44 KWh so the meter can read 4 KWh. 
The aggregator will pay for the meter reading which means that the EV owner loses 
another 0.44 KWh. The total loss is 0.84 KWh as shown in Figure ‎3-2. 
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Figure ‎3-2 Energy loss due to round trip efficiency abuse 
Therefore, the aggregator can simply keep charging and discharging the EVs which will 
allow the increment of its profits. The second term in (3.8) had been added to remove the 
aggregator incentive of the continuous charging and discharging of the EVs. 
The third part of the cost equation is the cost of buying energy from EV owners when 
discharging their EVs to sell the energy to the market when dispatching regulation and/or 
responsive reserve services. This cost is calculated by multiplying the negative power 
draw of the i
th
 EV [ ( )]iE FP t  at hour t by the fixed charging tariff β. 
It can be notice that parts of both the daily income and cost equations (3.1) and(3.6) are 
conditioned by the EV battery charging and discharging status. In order to take these 
conditions into account, the daily income and cost equations can be rewritten as [32] 
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(3.9) 
   ( ) [ ( )] ( ) ( ) ( )i i
i t i t
C day E FP t EVPer t P t Deg t      (3.10) 
In (3.9), the expected power draw of each EV at hour t is multiplied by an availability 
coefficient Av that is assigned for each EV at hour t in order to ensure that the EV is 
performing V2G services when it is available. 
The daily income and cost equations (3.9) and (3.10) are taking the possibility of 
unexpected departure of EVs for each hour into account by calculating the percentage of 
the remaining EVs to perform V2G for each hour (EVPer(t)). The calculation of EVPer 
for a certain hour t is a function of the accumulated probability of unexpected departure 
of all EVs at that hour _ ( )iA Dep t which is a function of the time of scheduled trips for 
each EV during the day as can be seen in equations below. 
1
1
( ) 1 _ ( )
NEV
i
i
EVPer t A Dep t
NEV 
    (3.11) 
Where A_Dep for the i
th
 EV at hour t is the accumulated probability that the i
th 
EV will 
depart unexpectedly at hour t and is calculated by  
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 (3.12) 
It is clear from (3.12) that A_Dep for each EV is reset at the scheduled morning trip time 
MTrip and scheduled evening trip time ETrip because we assume that the availability of 
each EV at these two time slots is known with certainty. 
The battery degradation cost is introduced as an epigraph decision variable Deg in the 
new daily cost equation (3.10) and constraints will be included into the optimization 
problem for the calculation of the optimal Deg for any EV at any hour. The constraints 
that are related to Deg are a function of the battery discharging cost DC as was explained 
previously and it is also a function of the compensation factor Comp of each EV.  
The compensation factor, Comp, for each EV at each hour is needed to leave a safety 
margin in the EVs that will allow them to over dispatch in case of unexpected departure 
of some of the EVs in the fleet at a given hour. In order to achieve that, the EV 
aggregator needs to under schedule the capacity during optimization so there will be 
room for over dispatching when needed in real time. This process is needed to 
compensate for the lost capacity due to the unexpected departure of some EVs in the 
fleet. The compensation factor is calculated as 
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As seen from (3.13), the compensation factor is always greater than or equals to 1. The 
compensation factor for a certain EV at hour t equals 1 when it is certain that no EV will 
depart unexpectedly at that hour. The compensation factor in this study is treated 
deterministically which is allowable for a large fleet of 10,000 EV or more [68]. 
3.2.2 The Complete Optimization Problem 
The final formulation of the problem for a given day is  
maximize In C  (3.14) 
Where  
Daily income equation (3.9) 
Daily cost equation (3.10) 
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As was discussed in the previous section, an epigraph decision variable Deg was 
introduced to model the degradation cost for any EV at any hour. The constraint  (3.15) 
implies that the degradation cost of any EV should be positive but a careful look at the 
constraint (3.16) illustrates that this could only happens if the power draw is negative 
(which means that the EV is discharging). A more conservative estimation for the 
expected power draw (as shown in(3.7)) is used where the power draw is only affected by 
the regulation up and responsive reserve services. The value of the degradation cost 
variable is limited while solving the optimization problem by adding the term Deg into 
the cost function. It is known that the maximum profit will occur at the minimum cost so 
the optimizer will try to minimize the cost and thus, limit the value of Deg as explained in 
Figure ‎3-3. 
The constraints(3.17) and (3.18)  are related to the state of charge (SOC) of the battery. 
These are used to ensure that SOC of any EV will be within the acceptable limits that are 
related to the battery energy capacity and the customer defined minimum SOC for 
driving purposes. The SOC of each EV is calculated accumulatively hour after hour. The 
amount of energy that was stored in the EV battery at a certain hour is the EV expected 
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power draws at that hour multiplied by the corresponding compensation factor of the EV 
at that hour (To leave some room in the battery if over dispatching is needed in real time). 
 
Figure ‎3-3 The relationship between the EV power draw and the degradation cost  
The resulting number is added to the amount of energy which is lost in charging and 
discharging of the EV battery due to the battery efficiency ρ which is calculated by the 
equation(3.28). The SOC of any EV at hour t is the summation of all the energy that was 
stored in the EV battery from hour 1 until hour t, this amount is added to the initial SOC 
of the EV battery at hour 1 and subtracted from the energy that is required for the EV 
scheduled trips.  
In this formulation, it is assumed that the EV will perform two trips per day as shown in 
(3.29). However, this formulation can be easily modified to accumulate any number of 
planned trips. The constraints (3.17) is used to make sure that the SOC of the battery in 
all operation hours except the last hour is limited between the energy maximum limit of 
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the battery and 0.1 of the energy maximum limit of the battery (To avoid battery full 
discharging). The constraint (3.18) is used to impose the assumption that the SOC of the 
EV at the last hour must be almost fully charged.  
The constraint (3.19) until (3.22) are related to the relationship between the battery power 
limit, MP, and the decision variables POP, MxAP, MnAP and RsRP. The constraint 
(3.23) is used to make sure that the EV does not violate the charger power limit constraint 
when available to perform V2G services. Constraints (3.24) and (3.25) are related to the 
relationship between the energy limit of each EV and the battery decision variables. 
Setting this relationship is important because it will limit the aggregator’s ability to bid 
ancillary services capacities than can’t be supported from the energy point of view. Both 
of these constraints are imposed to make sure that energy storage capacity of each EV is 
sufficient if dispatching of ancillary services occurs in real time. Constraint (3.24) is used 
for regulation down service dispatching while constraint (3.25) is used for regulation up 
and responsive reserve dispatching. 
Constraints (3.26) and (3.27) are used only when there is a scheduled trip for a certain EV 
to ensure the availability of enough energy in the EV battery at the trip hour. The 
problem is linear and can be solved with any available linear programming optimizers . 
The needed infrastructure and running costs for all operational optimization problems are 
neglected.    
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3.3 Optimal Deterministic Bidding of Ancillary Services For An 
Energy Storage Unit  
In the case of choosing to invest into dedicated energy storage instead of aggregating a 
fleet of EVs, the only source of income will be from bidding into the regulation and 
responsive reserve markets. The goal of the optimization problem is to find the optimal 
charging schedule for this dedicated energy storage unit that will maximize the profits. 
That will be achieved by finding the optimal POP, MxAP, MnAP and RsRP of the storage 
unit. The main differences in this case are that the storage units are always available to be 
used, and there are less charging constraints that need to be taken into account.  
3.3.1 The Objective Function 
The expected daily income and cost equations for the case of using a dedicated energy 
storage unit for bidding into the ancillary services markets are needed to create the 
objective function. The relationships of income and cost are simplified versions from 
those of the EV aggregator case. For the income equation, equation (3.9) can be used but 
the part of making income from charging the battery needs to be omitted. Also, due to the 
fact that the dedicated storage units are always available, there is no need to include a 
factor that represents the remaining storage units to be used at each hour. The expected 
daily income equation become 
( ) ( ) ( ) ( )
( )
( ) ( )
                 
RU U RD D
t RR R
P t R t P t R t
In day
P t R t
   
  
  
  (3.30) 
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Equation(3.30) indicates that the income for a certain hour is coming from multiplying 
the price of each ancillary service for that hour by the corresponding capacity of the 
energy storage unit at that hour. The regulation up, regulation down and responsive 
reserve capacities of the energy storage at a certain hour are simply the optimal MnAP, 
MnAP and RsRP of the energy storage at that hour in the case of using only one storage 
unit. Equations(3.2),(3.3) and (3.4) can be used in the case of using a number of energy 
storage units but the total number of EVs (NEV) needs to be replaced by the total number 
of energy storage units in the equations. For the cost equation, equation(3.10) can be used 
but again, the factor that is used to represent the available number of storage units at a 
certain hour needs to be omitted. The cost equation for the case of dedicated storage unit 
is 
   ( ) [ ( )] ( ) ( )i i
i t i t
C day E FP t P t Deg t     (3.31) 
The equation (3.31) includes a summation over the number of storage units if more than 
one is used. The cost sources are the cost of charging the storage unit and the battery 
degradation cost. Both were discussed in details in section 3.1.1 but the only difference in 
this case is related to the calculation of the discharging cost per KWh. The discharging 
cost equation (3.8) included a part that was added to prevent the EV aggregator from 
making profits by simply charging and discharging the EVs. This part should be omitted 
due to the fact that there is no profit making from charging the energy storage units so the 
discharging equation will be simply 
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Also, due to the fact that the energy storage unit is always available, there is no need to 
under schedule it in order to leave a margin for over dispatching in real time so the 
compensation factor for any hour is 1 in all calculations that are related to the energy 
storage units. The availability factor for energy storage unit at any hour is also 1. 
3.3.2 The Complete Optimization Problem 
The final formulation of the problem for a given day is 
maximize In C  (3.33) 
Where  
Daily income equation (3.30) 
Daily cost equation (3.31) 
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The differences in the constraints of the energy storage case compared to the EV 
aggregator case are very limited. One difference is that there is no need to include the 
energy of the planned trips in the SOC constraints [(3.36) to(3.37)]. The SOC of the 
storage unit does not have to be almost fully charged at the end of the scheduling hour of 
the operational day. It could be less charged (In this case, the energy storage unit was 
chosen to be half charged at the end of the operational day as constraint (3.37) implies). 
The formulations can be used for a single or multiple energy storage units.  
3.4 Ancillary Services Algorithms 
As mentioned before, the optimization problems for the cases EV aggregator and energy 
storage units are solved to find the optimal charging point POP, regulation up capacity 
MnAP, regulation down capacity MxAP, and responsive reserve capacity RsRP, of each 
storage unit (The EV is a storage unit) for each hour during an operational day. This 
optimization is carried out one day ahead. Therefore, forecasted data of ancillary services 
and power prices and ancillary deployment signals are used as inputs for the optimization 
problem. 
The resulted capacities of regulation and responsive reserve services for each hour of the 
coming day will be a bid to the market. If the bids are accepted, the EV 
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aggregator/Energy storage unit administrator must respond to the dispatch signals that are 
received from the market. The ancillary services for each battery is performed by 
changing its charging rate around POP [16]. The POP of any battery (EV battery or the 
dedicated battery) can be positive or negative and the battery can provide regulation up 
and responsive reserve services by reducing its charging or increasing its discharging. It 
can provide regulation down service by increasing its charging or reducing its 
discharging.  
The dispatching signal is assumed to be received once each 5 minutes. Three algorithms 
will be introduced in this section that must work in a sequential manner. These 
algorithms are designed to respond to any number of market signals per hour (the number 
of market signals per hour is res in the algorithms). The first two algorithms are used to 
update the actual final power draw of each battery after performing regulation and 
responsive reserves services and the final algorithm is using the resulting final power 
draw to update the actual state of charge of the battery after performing the services as a 
response for a certain market signal during the hour (In this case, the battery should 
perform the services 12 times in each hour (res=12)). The three algorithms are simulating 
the real time calculation of the battery power draw and SOC according to the actual data, 
actual prices and actual dispatch signals, and the battery parameters that were obtained 
from the optimization and depend on the forecasted data. 
The first algorithm is the regulation services algorithm which calculates the power draw 
of the battery after performing the regulation service. The algorithm is shown in Figure 
‎3-4. It is clear from the algorithm that it uses the initial state of charge SOC and the initial 
remaining energy capacity CR of the battery. These initial values will be used also in 
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responsive reserve algorithm also and there will be updated after calculating the final 
power draw of the battery per res. The scheduled capacities of each battery that were 
calculated by the optimization are divided by the number of dispatch signals per hour res 
due to the fact that they are power quantities which have been optimized per hour. 
Therefore, if POP of a certain battery at a certain hour is 3kW, this battery can be charged 
with only 3kW/res at each dispatch period. 
The received signal is checked to in order to define the type of regulation service needed 
(Negative signal for regulation up and positive signal for regulation down). The assumed 
power draw of the battery from performing regulation service is checked to make sure 
that it doesn’t cause overcharging (SOCi >Mci) or undercharging (SOCi<0) for the 
battery. If overcharging or undercharging is to occur, the power draw PDi is not approved 
and it needs to be adjusted. For the case of overcharging, the power draw must be limited 
to the remaining energy capacity of the battery CR. For the case of undercharging, the 
power draw PDi must be limited to the state of charge of the battery. The efficiency must 
be taken into account in both of charging and discharging cases. The algorithm takes the 
case of no regulation signal into account so the power draw for that time span is simply 
the POP/res. 
If the battery performs responsive reserve service, the resulting power draw PDi(f) from 
the regulation service is now subjected to another algorithm that calculates the power 
draw. The algorithm is shown in Figure ‎3-5 and it is very similar to the previous 
algorithm. The algorithm shows that in the case of no dispatch signal of responsive 
reserve service, the final power draw FPi of the battery at a certain time span is the 
resulting power draw from performing the regulation service. The third algorithm  
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comes after the power draw calculation after performing the ancillary services. It is used 
to update the state of charge according the resulting power draw. The algorithm is shown 
in Figure ‎3-6. The final power draw is checked so it doesn’t cause overcharging or 
undercharging for the battery. If there is no occurrence of undercharging and 
overcharging, the final power draw is then checked whether it is positive (charging) or 
negative (discharging) so the update of SOC will take the effect of the efficiency into  
 
Figure ‎3-4 Power draw calculation of a battery after performing regulation service 
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Figure ‎3-5 Power draw calculation of a battery after performing responsive reserve service 
 
 
 
 
 
 
Figure ‎3-6  Battery state of charge calculation after performing ancillary services 
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(Undercharging case). Figure ‎3-7 clarifies the relation between the assigned ancillary 
services capacities for a certain battery and the actual power draw that resulted from 
receiving dispatch signals for both of the services. 
 
Figure ‎3-7 Ancillary services capacities of a certain battery and the resulted power draw [32] 
 
3.5 Case Study 
This case study is performed to assess the two suggested alternatives from the operational 
point of view. The optimizations and simulations will be done for a group of 10,000 EVs 
for the EV aggregator option and for one large battery for the dedicated storage unit 
option. The energy and power capacities of this large battery are determined by summing 
the energy and power capacities of the whole EV fleet which means that this study case is 
comparing the two options when battery capacities are equal. The case study is assumed 
to occur in Houston, Texas which indicates that it must follow the ERCOT market 
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politics. The simulations are done from the a period of three months from 21
st
 July, 2010 
to 19
th
 Oct, 2010 and the prices of energy, regulation and responsive reserves services 
and the corresponding ancillary services deployment signals were taken from the ERCOT 
markets archives[64]. The optimizations problems are solved using CVX toolbox which 
was installed on the MATLAB environment[69]. All simulations were done using 
MATLAB. The time horizon of each optimization in this study is 24 hours, starting at 
6:00 AM of each day. During this time horizon, the EV aggregator make profits by 
participating in the ancillary services markets while charging its fleet but the profits are 
only made from participating into the ancillary services markets for the case of dedicated 
energy storage unit. The optimizations and simulations are done on a daily basis. This 
indicates that for a certain day, the optimization will be done for the whole day and the 
results of the optimization will be used as inputs to the ancillary services algorithms in 
order to simulate the behavior of each EV in real time. The final actual SOC for each EV 
that results from the simulation for a certain day will be used as initial SOC for each EV 
in the optimization for the next day. 
The optimization for each day is using hourly expected deployment of ancillary services 
and the forecasted prices of energy and ancillary services while the simulation for that 
day is using a five-minute resolution regulation and responsive reserve signals and the 
actual prices of energy and ancillary services. The expected hourly deployment signal is 
calculated as instructed in [32] and the forecasting of the prices was done using ARIMA 
forecasting method. It should emphasized that the EVs can follow ancillary services 
signals of higher resolution as well[70]. For the case of EV aggregator, it is assumed that 
the EV fleet is consisting of three types of EVs, Nissan Leaf with a percentage of 50%, 
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Mitsubishi i-MiEV with a percentage of 20% and Tesla Model S with a percentage of 
30%. The technical specifications of these three kinds of EVs can be found in [71]–[73]. 
It is also assumed that the charging and discharging efficiencies of all EVs are equal to 
90% and the chargers rates to be 240V, 30 A. 
The optimization and corresponding simulation for each day were done for a 
representative fleet that consists of 100 EV profiles. The charging behavior of this 
minimized fleet is based on the original 10000 fleet. The process of scaling down the size 
of the fleet was done by creating a histogram that represents the needed energy range for 
the morning or evening trip (They are almost equal) for all EVs From that histogram, an 
identical histogram with EV frequency numbers scaled down by a certain percentage is 
created (Which means that if the needed energy for the morning trip for 1000 EVs is 
between 1 and 2 KWh in the case of 10000 EVs fleet, 10 EVs only will be selected from 
this pool to represent the EVs with needed trip energy between 1 and 2 KWh for a fleet of 
100 EVs). The parameters of selected EVs for creating the scaled down EV fleet needs 
also to be scaled properly so it behave like a 10000 EV fleet. Such parameters are the 
power and energy capacity of each EV and the probability of unexpected departure of 
each EV at any hour which is used to calculate the compensation factor per EV and the 
percentage of remaining EVs to perform V2G service at each hour. EV driving profiles 
were created using the 2009 National Highway Travel Survey for urban Texas 
households[74]. Each driving profile has a morning trip that lies between 7:00 and 9:00 
AM and evening trip time that lies between 4:00 and 6:00 PM. The driving profiles 
contain the driving distances as well. The probability of unexpected departure of any EV 
at any hour is assigned in a way that guarantees that the summation of the probabilities 
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during the whole day will be equal for all EVs and in the same time. The probability of 
unexpected departure for each EV at the hours of the planned trips and the last three 
hours of the day will be zero. The corresponding availability matrix will be always one 
except in the hours of planned trips for each EV. 
For the case of using dedicated energy storage units, it is assumed that the administrator 
is using a single battery with a power capacity that equals the summation of the power 
capacities of all EVs in the EV fleet and with an energy capacity that equals the 
summation of energy capacities of all EVs in the fleet and with an initial SOC that is 
equal to the summation of initial SOC of all EVs. The storage unit is always available. 
The used fixed tariff β is 0.05$/KWh for the case of EV aggregator and the battery 
replacement cost BatC is assumed to equal 200$/KWh both cases and the study considers 
that the aggregator and the energy storage administrator is using existing infrastructure in 
its operation.    
3.6 Results 
The operational comparison between the two options of EV aggregators and dedicated 
energy will be done by comparing the charging profiles and the power draw for the both 
cases at a certain day. The charging profiles and power draw for a selected day will be 
compared. Then the quarterly profits for each case will be compared as well. 
3.6.1 Charging Profiles 
The charging profiles and EVs power draw will be compared for 2
nd
 August, 2010 which 
is a randomly selected day. But first, checking the prices of the energy and ancillary 
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services for the same day will help in understanding the charging profiles. The forecasted 
prices of energy and ancillary services are shown in Figure ‎3-8 and Figure ‎3-9. 
 
Figure ‎3-8 Hourly energy price for August 2, 2010 [64] 
 
Figure ‎3-9 Hourly ancillary services prices for August 2, 2010 [64] 
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And the corresponding charging profiles for all of the EVs and for the dedicated energy 
storage unit are shown in Figure ‎3-10 to Figure ‎3-13. 
 
Figure ‎3-10 POP for the EV aggregator and dedicated storage unit at August 2, 2010 
 
Figure ‎3-11 Regulation Down Capacity of the EV aggregator and dedicated storage unit at August 2, 2010 
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Figure ‎3-12 Regulation Up Capacity of the EV aggregator and dedicated storage unit at August 2, 2010 
 
Figure ‎3-13 Responsive Reserve Capacity of the EV aggregator and dedicated storage unit at August 2, 2010 
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affects the charging behavior of the case of EV aggregator where the final SOC is almost 
maximum. That is not the case for the dedicated energy storage units case. The final SOC 
constraint is less binding in this case (Final SOC is supposed to be more than 50% only) 
which gives more freedom in bidding in the ancillary services markets than the case of 
the EV aggregator where the charging process must be taken into account. 
The second factor is the degradation cost. The assumed discharging cost for the case of 
the EV aggregator is higher than the discharging cost for the case of dedicated energy 
storage as was explained in (3.8)and(3.32). This allows the energy storage unit 
administrator to bid more into the regulation up and responsive reserves markets and to 
discharging the battery more when the energy price is high. The POP of both the EV 
aggregator and energy storage unit is shown in Figure ‎3-10 which shows that there is a 
close charging pattern for both cases especially in the middle hours where both the EV 
aggregator and energy storage unit are benefiting from the high energy price by 
discharging their batteries especially in the case of energy storage unit where the 
discharging cost is lower than the case of EV aggregator. That encourages the energy 
storage unit administrator to charge its battery before middle hours (At hours 13:00 and 
14:00) so it can discharge more in the middle hours. The EV aggregator also charges its 
fleet in hours 13:00 and 14:00 and discharges its fleet in the middle hours but in lower 
rates if compared to the energy storage unit case. The EV aggregator is obligated to 
charge more than the energy storage unit after the middle hours especially in the last hour 
in order to fulfill the final SOC constraint while the energy storage unit is not in hurry to 
do the same because of the low final SOC value needed. 
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For the ancillary services bidding of both cases, it is clear from Figure ‎3-11 that the EV 
aggregator bids more regulation down capacity after the middle hours where it is after 
charging its fleet except in the last hour where the POP is very high which leaves no 
room for bidding regulation down capacity. The regulation down capacity bidding for the 
case of energy storage unit is higher in the early hours while both the EV aggregator and 
energy storage unit bid high regulation down capacity at the middle hours. That is 
because of the high discharging rates in the middle hours which leave no room from 
providing regulation up and responsive reserve services, as shown in Figure ‎3-12 and 
Figure ‎3-13. Looking at the ancillary services prices in Figure ‎3-9 can help understanding 
the ancillary services bidding that focuses more on regulation up service for the both 
cases as shown in the previous figures. The regulation up prices are higher than the other 
two ancillary services prices which explains the high bidding rates which are shown in 
Figure ‎3-12. In the middle hours, the low regulation up bidding is only an exception 
because both of the EV aggregator and energy storage unit administrator are after profit 
from discharging their batteries. Another exception is the final hour for the EV 
aggregator which cares about fully charging its EVs. The responsive reserve capacity 
bidding is found only at the beginning and final hours of the day especially for the case of 
EV aggregator where the low possibility of dispatching responsive reserve encourages it 
to bid while charging its fleet especially in the final hour. The expected and actual power 
draw for the EV aggregator and energy storage unit are shown in the Figure ‎3-14 and 
Figure ‎3-15. Both figures reflect the explanation of the charging profiles for the cases of 
the EV aggregator and energy storage unit. 
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Figure ‎3-14 Expected and Actual Power draw of all EVs at August 2, 2010 
 
Figure ‎3-15 Expected and Actual Power draw of the energy storage unit at August 2, 2010 
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The histogram of the final SOC for all participated EVs during the study period is shown 
in Figure ‎3-16. The figure shows that more than 70% of the participated EVs have a final 
actual SOC above 80%. The 80% limit of SOC is considered because it is a more than 
enough to cover the scheduled trips of EV owners. 
 
Figure ‎3-16 Histogram of final SOC for all participated EVs during the study period 
 The average daily expected and actual power draws for the EV aggregator and energy 
storage units are shown in Figure ‎3-17 and Figure ‎3-18 . It can be seen from these figures 
that the power draw of EV aggregator is most charging especially in the last hours and 
the discharging amount is very small in the middle hours. This is not the case for the 
average daily power draw of the energy storage unit where large amounts of power is 
discharged in the middle hours and the charging behavior is not as high as the charging 
behavior of the EV aggregator. 
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Figure ‎3-17 Average daily expected and actual power draw for the EV aggregator 
 
Figure ‎3-18 Average daily expected and actual power draw for the energy storage unit 
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3.6.2 Quarterly Results 
The market-based evaluation of any project is about its profits in the first place. This 
section is about comparing the expected and actual quarterly operational profits for the 
cases the EV aggregator and energy storage unit. The actual degradation cost for both 
cases will be compared as well. For the case of EV aggregator, the EV charging cost that 
will be paid by the EV owner is assumed to be lower than the original charging tariff. The 
low EV charging cost will create the incentive for the EV owners to participate in the EV 
aggregation program. The EV charging costs for the case of participating in the EV 
aggregation program are calculated and compared to the original case where EV owners 
are not participated to the EV aggregation program. For the case of operating the EV 
aggregator, the expected and actual profits are shown in Figure ‎3-19 while the expected 
and actual profits for the case of operating energy storage unit are shown in Figure ‎3-20.
 
Figure ‎3-19 Expected and actual profits for the case of operating EV aggregator (Deterministic case) 
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Figure ‎3-20 Expected and actual profits for the case of operating energy storage unit (Deterministic case) 
It can be noticed from the previous figures that the expected profits are higher than the 
actual profits in both cases. Such difference is logical because the expected profits 
calculation is based on the forecasted data while the calculation of the actual profits 
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percentage of 17.1%  than the actual profits while it is higher by of 19.33% for the case 
of dedicated energy storage unit. The figures show also that operating a dedicated energy 
storage unit is more profitable than operating an EV aggregator. The profits from the 
energy storage unit case is 2.7094 million dollars while the profits from operating the EV 
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lower discharging cost, the actual degradation cost of this option is higher than the actual 
degradation cost of the EV aggregator option. The actual degradation cost of the EV 
aggregator option is $ 636180 while it is $ 697930 for the second option (higher by a 
percentage of 8.85%). This can be explained by the fact that energy storage unit option 
did more discharging than the EV aggregator option. 
 
Figure ‎3-21 Actual degradation cost for the cases of EV aggregator and energy storage unit (Deterministic case) 
For the case of EV aggregator, the EV charging costs that should be paid by the EV 
owners were calculated when EV owners are participated into the EV aggregation and 
compared to the original case where there is no EV aggregation program. The EV 
charging costs for the case of no EV aggregation were calculated by finding the cost of 
buying the needed energy for daily scheduled trips based on the U.S electricity tariff 
(0.12 $/kWh). The comparison results are shown in Figure ‎3-22. 
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Figure ‎3-22 EV charging cost for the cases of EV aggregation vs. No EV aggregation 
The results shows that the EV charging costs that should be paid by the EV owner when 
no EV aggregation program is taken into account are higher than the EV charging costs 
when EV owners are participated to the EV aggregation program by 26%. These results 
prove that the EV owners are benefiting financially from participation in the EV 
aggregation program especially that they will be also paid for discharging their EV 
batteries while providing V2G services. 
3.7 Summary 
In this chapter, optimal strategy for bidding into the ancillary services markets and 
charging batteries was introduced for two options: EV aggregator and dedicated energy 
storage units. The selection of the optimal strategy for both options is based on the 
maximum operational profits that could be achieved. The formulation of the operational 
optimization problem and corresponding constraints is very important for the market-
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based evaluation of both options. The optimization problem for each option was solved 
and the charging profiles of both cases were discussed and compared. The operational 
profit results showed that when comparing the two options and assuming that both 
options have the same battery energy and power capacities, the usage of dedicated energy 
storage units for bidding into the ancillary services markets is more profitable than the 
case of operating an EV aggregator. The operational profit results of both options also 
showed a difference between the expected and actual profits for each option that resulted 
from the uncertainties of energy and ancillary services prices and deployment signals. 
This indicates the importance of taking the uncertainties into consideration while solving 
the optimization problem 
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4 CHAPTER 4 
OPTIMAL FUZZY BIDDING OF ANCILLARY 
SERVICES FOR EV AGGREGATOR AND BATTERY 
STORAGE 
The work that was done so far in the last chapter did not take the uncertainties of some 
parameters into account. These uncertainties come from the differences between the 
forecasted and actual market prices and ancillary services deployment which lead to the 
differences between the expected and actual profits for the cases of EV aggregator and 
dedicated energy storage units. This chapter is about introducing the fuzzy constraints to 
the original problem formulations that were derived in the last chapter. It explains the 
needed changes in the problem formulation which will allow the optimization to take the 
effect of uncertainties into account. The expected effect of including the fuzzy constraints 
is to reduce the gap between the expected and actual profits which minimize the 
investment risk. The chapter will start with an introduction to fuzzy sets and fuzzy linear 
programming then a fuzzy set that defines the accepted boundaries of each uncertain 
parameter will be introduced. These sets will be translated into fuzzy constraints that will 
be included to the original formulation. The quarterly profits for the cases of 
deterministic case vs. fuzzy case will be compared. 
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4.1 Fuzzy Sets, Logic and Fuzzy Linear Programming 
The introduction of fuzzy sets and logic had been done in the 1960’s by Zadeh in his 
famous publication ‘Fuzzy Sets’[75] .The significance of this concept came from the fact 
that the conventional logic “where everything is bivalent (True/false, 0/1) is not suitable 
enough to solve real life problems especially in engineering where the possibilities are 
multivalued. Zadeh introduced this multivalued logic to the classical set theory which 
produced a new type of sets, fuzzy sets where the elements do belong to the set but with 
different degrees that range between 0 and 1 instead of being 0 or 1. A good example 
about the difference between the classical and fuzzy set can be observed in the set of tall 
people [76]. If the classical sets were to be used to classify the ‘tall’ people in a group of 
humans, any person with a height that is larger than a specific threshold (called a crisp 
boundary) will be called ‘tall’ (with a total degree of membership (1) to the tall set) and 
the others will be called simply ‘short’ (their degree of membership to the tall set is 0) as 
shown in Figure ‎4-1 
   
Figure ‎4-1 Membership function of a classical 'tall set' [76] 
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A better and more realistic way of classifying this group of people is not to use the crisp 
boundary but to consider all people in the set but with a different membership value that 
ranges between 0 and 1 (the bigger the value, the taller the person) as shown in Figure 
‎4-2 
 
Figure ‎4-2 Membership function of a fuzzy 'tall set' [76] 
The fuzzy set theory is used in many engineering applications because of its flexibility. It 
can be used to model uncertainties in optimizations problems [43], [44]. 
4.1.1 Fuzzy Sets and Fuzzy Logic 
The classical set theory was introduced by the German mathematician Georg Cantor 
(1845- 1918). In this theory, a universe of discourse, U, is defined for a set of objects that 
have the same characteristics. A classical set is a collection of all objects/numbers that 
either belong to the set or do not belong to the set. There is a definite boundary in the 
case of the classical set. A classical set theory is defined by A = {x ∈ U | P(x)} where the 
element of A have the property P, and U is the universe of discourse. The characteristic 
function μA(x): U {0,1} is defined as ‘0’ if x is not an element of A and ‘1’ if x is an 
element of A. 
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In fuzzy set theory, the concept of characteristics function is extended to more 
generalized form, known as membership function: μA(x): U [0, 1]. The membership 
function can take any value between 0 and 1. The set which is defined by this 
membership function is called a fuzzy set. In fuzzy set theory, membership is no longer 
‘TRUE’ or ‘FALSE’, but a matter of degree. The degree of membership function is 
important[76], [77]. 
4.1.2 Fuzzy Linear Programming 
Fuzzy linear programming (FLP) is an extension to the original linear programming that 
allows the uncertainties to be modeled in the objective function and constraints. This can 
be done by transforming the uncertain objectives and constraints into satisfaction 
functions of fuzzy sets with the notice that some constraints could remain crisp. The 
optimal solution can be found by maximizing the intersection between these satisfaction 
functions in addition to taking the crisp constraints into account [78]. 
For further illustration, consider a problem that consists of number of objectives, I, and a 
number of constraints, J. To model the uncertainties of the problem, we assume that each 
objective is associated with a fuzzy set               ∈     . The subscript i refer to 
the i
th
 objective function, ui is the value the i
th
 objective function and Ui is i
th
 objective 
space.         is the membership function that defines the satisfaction parameter of the 
degree of closeness of the i
th
 objective to the optimal value. The uncertainty of each 
objective was taken into account by defining a minimum limit with a membership 
function of zero (which means that no solution below this limit is accepted) and defining 
a maximum limit with a membership function of one (which means that any solution 
above this limit is accepted) and assigning the values in between the limits with values 
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from the membership function that lies between 0 and 1 .  Similarly for the constraints , 
each of them will be associated with a fuzzy set               ∈    . The subscript j 
refers to the j
th
 constraint. uj is the value the j
th
 constraint assumes and Uj is j
th
 constraint 
space.         is the membership function that defines the satisfaction parameter of the 
degree of closeness of the j
th
 objective to the optimum. 
Mathematically, fuzzy optimization is stated as: 
 Maximize         (4.1) 
where, 
                                           
The min function determines the minimum of the satisfaction values and the membership 
functions are all defined in the range of [0, 1]. During the optimization, λ will take the 
least value of all satisfaction parameters .As λ is maximized, individual fuzzy satisfaction 
parameters relating to objectives and constraints are consequently optimized. 
4.2 Optimal Fuzzy Bidding of Ancillary Services for Cases of EV 
Aggregator and Energy Storage Units 
4.2.1 Profit Fuzzy Set 
The profit is a function of uncertain parameters and since the main objective of the 
problem is to maximize the profits, it is essential that a fuzzy set for the profit is defined 
so it can have a satisfaction factor that can be maximized as will be explained further. 
The fuzzy set of the daily profits(Equation(4.2)) is defined using the daily expected 
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income equations (Equation(3.9) for the case of EV aggregator and equation(3.30) for the 
case of dedicated energy storage units) and the daily expected cost equations 
(Equation(3.10) for the case of EV aggregator and equation(3.31) for the case of 
dedicated energy storage units). 
                       (4.2) 
It can be written as a function of the daily income and daily cost as  
                                   
(4.3) 
A membership function needs to be defined for this fuzzy set in order to represent the 
satisfaction level. It is logical to assume that the EV aggregator/ energy storage unit 
administrator will not participate if the expected daily profit is lower than a certain value 
In C and it will always participate if the expected daily profit is greater than or equal a 
certain value In C . This can be expressed by the following membership function 
 0           ,     
  ,    
1          ,   
In C
In C In C
In C In C
In C In C In C
In C In C
In C In C
 
   

  
     
  
   
 (4.4) 
The equation (4.4) is explained graphically in Figure ‎4-3. 
4.2.2 Fuzzy Set of Ancillary Services Prices  
The fuzzy sets for the regulation and responsive reserve prices are very similar to the 
fuzzy set of the profits. The similarly comes from the same assumption that the 
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aggregator / Energy Storage administrator will not participate in bidding if the price is 
below is a certain limit and it will always participate if the price is above a certain limit.  
 
Figure ‎4-3 Fuzzy model of the expected Profits 
The minimum price is defined for all cases as the price that allows the investor to get 
minimum accepted profits after covering all expenses. Setting these limits will be 
discussed further in the next section. The fuzzy set of the regulation up price for example 
(Same definition is used for both the regulation down and responsive reserve prices) is 
defined as 
                                              
(4.5) 
And the corresponding membership function of the regulation up price is 
0,  
,  
1,  
regUp regUp
regUp regUp
regUp regUp regUp regUp
regUp regUp
regUp regUp
P P
P P
P P P
P P
P P

 

 
  



 (4.6) 
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A graphical presentation of the membership function is similar to the case of the profit 
membership function (Figure ‎4-3). Similarly, the fuzzy set and membership function of 
the regulation down and responsive reserves prices are 
                                              
(4.7) 
0,  
,  
1,  
regDw regDw
regDw regDw
regDw regDw regDw regDw
regDw regDw
regDw regDw
P P
P P
P P P
P P
P P

 

 
  



 (4.8) 
                             
(4.9) 
0,  
,  
1,  
RR RR
RR RR
RR RR RR RR
RR RR
RR RR
P P
P P
P P P
P P
P P

 


  



 (4.10) 
The ancillary services prices were only taken into account for the fuzzy optimization 
because they have a clear relationship with the profits that can be expressed into 
constraints. The regulation down and regulation up deployment signals does not have this 
clear relationship. This is mainly because of the ability of discharging the batteries which 
gives freedom to the optimizer to charge and discharge the batteries at any time during 
the optimization horizon. This was not the case in unidirectional V2G where early 
charging for a certain battery means that it is not available to perform ancillary services 
until the end of the operational day. The discharging also adds complexity in the 
relationship between regulation up, responsive reserves deployment signals and the 
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energy cost and the profits. This occurs because the degradation cost is taken into 
account, which means that discharging can sometimes be acceptable when the revenue is 
larger than the degradation cost while it could be bad in other times where the 
degradation cost is larger than the expected revenue from bidding ancillary services into 
the market. 
4.2.3 The Complete Optimization Problem 
The resulted optimization problem is very similar to the original optimization problem for 
the deterministic case. The differences come from the fact that we are no longer 
optimizing for the objective of maximizing the profits, instead the optimization in the 
case of using fuzzy linear programming is about maximizing the minimum satisfaction 
factor of all membership functions which were added to represent the uncertainties. The 
membership functions of all the uncertainties need to be translated into fuzzy constraints 
so they can be added to the constraints of the optimization problem as follows 
 
In C
In C
In C In C
In C
In C In Cn CI C In
 


  
 
 
       
  (4.11) 
 
regUp regUp
regUp
regUp regUp
regUp regUp regUp regUp
P P
P P
P P P P
 


 

    
 (4.12) 
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 
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regDw regDw regDw regDw
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 


 

    
 (4.13) 
 
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P P
P P P P
 


 

    
 (4.14) 
 , , ,In C regUp regDw RRmin      (4.15) 
And the complete fuzzy optimization problem for the case of the EV aggregator is 
 Maximize   (4.16) 
Where 
                            (3.9) 
                          (3.10) 
Subject to: 
                            (4.11) 
                                         (4.12) 
                                           (4.13) 
                                              (4.14) 
Constraints (3.15) to (3.27) 
The fuzzy optimization problem for the case of using dedicated energy storage units is 
73 
 
 Maximize   (4.17) 
Where 
                                (3.30) 
                              (3.31) 
Subject to: 
                            (4.11) 
                                         (4.12) 
                                           (4.13) 
                                              (4.14) 
Constraints (3.34) to (3.45) 
4.3 Case Study 
The same case study presented in Section 3.5 is used here. The lower and upper limits of 
the fuzzy constraints ((4.11) to (4.14) ) need to be assigned. For the profit fuzzy 
constraint, the lower and upper limits are assumed to equal  10% of the average daily 
expected profit that resulted from the deterministic case[44]. The lower and upper limits 
for the price fuzzy constraints are determined by calculating the mean absolute deviation 
/mean of actual data (MAD/Mean) which is a technique that is used to estimate the 
forecasting error[79]. The lower limit for the price fuzzy constraints for each hour at any 
day is equal to the forecasted price of that hour at that day which has been scaled down 
by a percentage that equals MAD/Mean of that price. The upper limit for any hour at any 
day is equal to the forecasted price of that hour at that day which has been scaled up by a 
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percentage that equals MAD/Mean of that price. The MAD/Mean for the regulation 
down, regulation up and responsive reserve prices for the operational time span of the 
study are found in Table 4.1. 
Table ‎4-1Mean absolute deviation/Mean (MAD/Mean) for the prices of ancillary services for the operational 
time span 
Electricity Market Parameters MAD/Mean 
Regulation Up Prices 40 % 
Regulation Down Prices 39 % 
Responsive Reserve Prices 30 % 
 
The comparison between the deterministic and fuzzy cases will focus on the quarterly 
profits in order to study the effect of using fuzzy linear programming on the expected and 
actual profits. The charging profiles for the deterministic and fuzzy cases will not be 
discussed because their behaviors are very close.  
4.4 Results 
4.4.1 Quarterly Results 
The expected and actual profits for both the EV aggregator case and dedicated energy 
storage case using fuzzy linear programming are shown in Figure ‎4-4 and Figure ‎4-5. It is 
clear that the difference between the expected and actual profits for both cases is reduced. 
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The expected profits are higher than the actual profits by only 8.22% instead of 17.1% in 
the deterministic case results. For the case of using energy storage units, the expected 
profits are higher than the actual profits by only 11.96% instead of 19.33% in the 
deterministic case results. These results indicate that using fuzzy linear programming 
help reduce the investment risk by reducing the difference between the expected and 
actual profits. But this advantage comes at a price. By comparing the results in both 
sections 3.6.2 and 4.4.1, the actual profits in the deterministic case is slightly higher than 
the actual profits that results from using fuzzy linear programming. The actual profits for 
the case of operating an EV aggregator using fuzzy linear programming is $ 2.4203 
million. This is lower by 4% than the actual profits from the deterministic case. For the 
energy storage unit case, the actual profits that resulted from using fuzzy linear 
programming is $ 2.4470 million which is lower by 9.7% than the actual profits from the 
deterministic case. These results show how fuzzy linear programming is doing better 
when used with the EV aggregator case than the case of using energy storage unit. The 
actual profits of the energy storage unit case are still higher but with a very small 
percentage over the EV aggregator case.  
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Figure ‎4-4 Expected and actual profits for the case of operating EV aggregator (Fuzzy case) 
 
 
Figure ‎4-5 Expected and actual profits for the case of operating energy storage unit (Fuzzy case) 
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The comparison between the actual degradation costs for both cases that resulted from 
using fuzzy linear programming is shown in Figure ‎4-6. 
 
Figure ‎4-6 Actual degradation cost for the cases of EV aggregator and energy storage unit (Fuzzy case) 
The degradation costs for both cases were reduced if compared to the results of the 
deterministic case. The degradation cost for the case of operating an EV aggregator is 
5.9662e+05 $ which is lower than the deterministic case result by 6.2%. The degradation 
cost is 6.3235e+05 $ for the energy storage unit case which is lower than the 
deterministic case result by 9.4%. The degradation costs results have the same trend that 
was explained in section 3.6.2. 
 
 
EV Aggregator Energy Storage Unit
0
1
2
3
4
5
6
7
x 10
5
X = 1
Y = 5.97e+05
D
e
g
ra
d
a
ti
o
n
 C
o
s
t 
($
)
X = 2
Y = 6.32e+05
78 
 
4.5 Summary 
In this chapter, the uncertainties of ancillary services prices were taken into consideration 
while solving the optimization problem explained in the previous chapter. Fuzzy linear 
programming FLP was used to solve the optimization problem that included fuzzy 
constraints to express the uncertainty of ancillary services prices. The results showed that 
using FLP resulted in reducing the difference between the expected and actual profits for 
both cases which reduced the risk. But this also resulted in lower actual profits if 
compared to the deterministic case which is expected when risk investment is reduced. 
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5 CHAPTER 5 
MARKET-BASED EVALUATION OF THE PLANNING 
OF THE EV AGGREGATOR AND BATTERY STORAGE  
The previous two chapters focused on the operational aspects of the investment in 
creating an EV aggregator or using dedicated energy storage units in order to participate 
into the ancillary services market. The investment cost was neglected assuming that both 
choices are already there and they both need to be operationally evaluated in order to find 
which of them makes the maximum profit. The results of the previous chapter are not 
sufficient for the investor who needs to decide which investment is more worthwhile. The 
planning aspects should be taken into account so the whole picture is revealed. This 
chapter introduces a novel methodology for evaluating the market-based investment 
taking both the planning and operational aspects into account. The suggested 
methodology finds the maximum profits for the case of investing in creating an EV 
aggregator for the whole time span of the project. The maximum profits are achieved by 
finding the optimal fixed tariff for EV charging β while taking the relationship between 
this fixed tariff and the percentage of participation in the EV aggregator into account. The 
corresponding investment cost at the optimal fixed charging tariff will be used to 
purchase energy storage units and needed power electronics for the charging and 
discharging processes. The purchased energy and power capacities of the energy storage 
units are used to bid into the ancillary services markets for the same time span and the 
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maximum profits will be obtained by finding the optimal size of both the energy and 
power capacities. The resulting profits of both cases will be compared in order to select 
the best investment. 
5.1 Introducing the EV Aggregator Planning Equations 
In chapter 3, the daily expected income and cost equations were formulated for the cases 
of the daily operation of the EV aggregator and dedicated storage units. These relations 
will be used as the core for formulating the market-based planning relations. They will be 
extended to represent the operational profit for a single year and finally, the one year 
operational profit will be used to estimate the operational profit of the whole planning 
period by using present worth factor method. The investment cost will be subtracted from 
the estimated total operational profit in order to find the total profit of the investment. 
This could be expressed mathematically for the case of EV aggregator by a series of 
equations that starts with 
 
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( , ) ( , , ) ( , , ) ( )
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 (5.2) 
The previous two equations are similar to the income and cost equations for an EV 
aggregator, (3.9) and(3.10), but the notations of days and weeks are now included. Notice 
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that these day and week indices are not added to the remaining percentage of EVs to 
perform V2G at any hour and the EV availability because it is assumed that they will be 
the same for each day. The aggregator’s capacities of providing regulation up, regulation 
down and responsive reserve at hour t in day d and week w are given by the equations 
1
( , , ) ( , , )
NEV
U i
i
R t d w MnAP t d w

         (5.3) 
1
( , , ) ( , , )
NEV
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i
R t d w MxAP t d w

   (5.4) 
1
( , , ) ( , , )
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i
R t d w RsRP t d w

   (5.5) 
And the notations of day and week need to be added to the expected power draw equation 
as well 
[ ( , , )] ( , , ) ( , , ) ( , , )
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 (5.6) 
In order to estimate the operational profit of one year, weighted representative weeks are 
used in [80]. Each representative week is weight by a factor (w)K and the sum of all 
factors equal to the total number of weeks in a year (Which is 52). For a number of 
representative weeks NW, the one year profit will equal to 
 
7
1 1
Yea _ Pr (w) (d, ) (d, )
                                            
WN
w d
r ofit K In w C w
 
 
   
 
   (5.7) 
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The investment cost of the EV aggregator includes the costs of communication 
infrastructure, new smart meter and retrofitting the EV charger from the unidirectional 
state (Only charging) to the bidirectional state (Charging and discharging)[68]. These 
costs are found and presented in Table ‎5-1 below[68] (Assuming that 1 euro is 1.245 
dollars)  
Table ‎5-1Necessary investment in the infrastructure [81] 
Cost type Cost value 
Meter for 
invoicing 
($/EV) 
36.1 
Communication 
system ($/EV) 
88.4 
Bidirectional 
electronics 
($/kW/EV) 
186.7 
 
The investment cost can be formulated as 
 1
_ _
_
_ (i)
                                            
NEV
i
Meter Cost Comm Cost
Investment Cost
Bidirectional Cost MP
  
  
 

 (5.8) 
The total profit from investing in EV aggregator for the time span of the project is 
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5.2 The Relationship between the Fixed Tariff for EV Charging and 
Percentage of Participation in EV Aggregator 
 
The maximum profits of the EV aggregator can be realized when the optimal operational 
and planning decision variables are obtained. The operational decision variables are those 
that are related to the EV charging at each hour (POP, MxAP, MnAP, RsRP and the Deg). 
The planning decision variable is the price that the EV aggregator collects from each EV 
owner as energy tariff for charging his/her EV. The importance of this decision variable 
comes from the fact that it affects the EV owner’s decision about participating into the 
aggregator. The higher the charging tariff, the higher the income from charging an EV. 
However, it is very logical to assume that the percentage of EV owners willing to 
participate into the EV aggregator program will drop as this price increases; i.e. inversely 
proportional relationship. This will affect the EV aggregator’s ability to make money 
from participating into the ancillary services markets because its capability of providing 
services is a function of the total number of EVs that agreed to be aggregated. The 
relationship between the charging fixed tariff and the percentage of participation in EV 
aggregator has not been studied yet. Because this relationship can’t be ignored in this 
research, assumptions need to be made. In this research, it is assumed that this inverse 
relationship is linear. For a number of total EVs that can participate in the EV aggregator 
program, different linear functions were assumed to represent the relationship between 
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the fixed charging tariff and the percentage of participation. Each line assumes a 
maximum percentage of participation and they all assume that the fixed charging tariff 
will range between 0.12$/KWh (The average electricity price in the US) and zero. They 
also assume that at the highest fixed charging tariff, the percentage of participation will 
equal to zero which is logical because there will be no incentive for the EV owner to 
participate in the aggregator. The percentage of participation is assumed to be maximum 
at the lowest price (0/KWh) which means that the EV aggregator is charging the EVs for 
free and it totally depends on bidding into the ancillary services markets to make its 
profits. The proposed relationships are shown in Figure ‎5-1 for different slopes. 
 
Figure ‎5-1 Proposed relationships between the fixed charging tariff and the percentage of participation 
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5.3 The Proposed Methodology for Finding the EV Aggregator’s 
Maximum Profits 
The main idea is to use an EV fleet that consists of a fixed numbers of EVs, NEV, to 
optimize for the maximum profits. The EV fleet parameters ( Its energy and power 
capacities) and the parameters of each EV ( The probability of the unexpected departure 
of each EV per hour , Depi, which will be used to calculate the compensation factor of 
each EV ,Compi, and the remaining percentage of available EVs , EvPer, to perform V2G 
for each hour) will be scaled up to represent a larger fleet. The scaling will depend on the 
value of the fixed charging tariff which will control the percentage of participation in the 
EV aggregator. For the case of the first line in the previous figure where the maximum 
assumed percentage of participation MaxP_P is 20% and slope of the line line_slope is 
  
   
 ,the percentage of participation Participation_Percentage equals 
0.2
0.6
_Participation Percentage

          (5.10) 
And if we assume that a certain city contains a certain number of EVs Total_EVs that are 
considered as candidates for participation in the EV aggregator then the number of the 
participated EVs in the EV aggregator Num_of_EVs is 
_ _ _ _Num of EVs Participation Percentage Total EVs        (5.11) 
And the scaling factor Scaling_factor which will be used to scale up the EV fleets 
parameters is equal to 
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_
_ _
Scaling factor
NEV
Num of EVs
        (5.12) 
The resulted scaling factor will be used to scale up the probability of the unexpected 
departure of any EV at hour t  
( )
_ ( ) ,    1,2,...,
_
Dep i
Scaled Dep i i NEV
Scaling factor
         (5.13) 
The resulted scaled up departure probability _Scaled Dep is used to calculate the 
compensation factor for each EV at any hour and for the calculation of the remaining 
percentage of EVs to perform V2G at any hour (Equations (3.11) and(3.13)). These 
scaled up data will be used as inputs for the planning optimization problem which will be 
solved to find the aggregator’s maximum profits. The scaling for the energy and power 
capacities of the EV aggregator can be done also before starting the optimization and it 
can be done after ending the optimization by scaling up the resulted maximum profits by 
multiplying it with the scaling factor. It can be noticed that the unscaled investment cost 
is equal for all cases because of using a fixed size EV fleet. The optimization problem is 
supposed to be run for multiple values of fixed charging tariff for each line. This will 
need a huge computational power that is able to handle a big number of optimizations. 
Instead and because of using a fixed size EV fleet for the optimization process, it is 
logical to assume that the resulted unscaled EV operational parameters (POP, MxAP, 
MnAP and RsRP) for any point on any line will be almost the same because the optimizer 
is governed by a set of constraints that obliges it to follow a certain charging behavior 
that guarantees almost fully charging the EV in the last hour of the operation day. Taking 
this assumption into account, the needed optimizations to represent all possible cases will 
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drop to just one case. The resulted unscaled optimal operational parameters can be 
extracted and used as known inputs for the calculation of the profits for any point that lies 
on any line in Figure ‎5-1. Equations (5.10) - (5.13) will still be used to calculate the 
scaling factor and the scaled compensation factors for any EV at any hour and expected 
percentage of remaining EVs to perform V2G at any hour. For each case (Equation (5.10) 
can be easily changed to represent another line in Figure ‎5-1) .The resulted operational 
decision variables will be used first to calculate the degradation cost of each EV as in 
equation (5.14) (Where equation (5.15) is a more conservative estimation of the expected 
power draw) then equations (5.1) to (5.9) will be used to calculate the profits that will 
need to be scaled up by the scaling factor. 
0                                               ,          if [ ( , , )] 0
( , , ) [ ( , , )]
( ) /                          ,          if [ ( , , )] 0               
i
i i i
i i i
E FP t d w
Deg t d w DC E FP t d w
Comp t Ef E FP t d w



 
 
    




       
(5.14) 
Where 
( , , ) ( , , ) ( , , )
[ ( , , )]
( , , ) ( , , )
i i U
i
i R
POP t d w MnAP t d w Ex t d w
E FP t d w
RsRP t d w Ex t d w

  
  
  
       (5.15) 
5.4 The Proposed Optimization Problem for EV Aggregator 
Planning. 
The complete optimization problem for EV aggregator planning case that aims to 
maximize the aggregator’s profit for a certain fixed charging tariff and percentage of 
participation (That were used to calculate the scaled compensation factors and expected 
percentage of remaining EVs to perform V2G service at any hour) is 
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maximize  _ PrTotal ofit  (5.16) 
Where 
EV aggregator unscaled total profit equation (5.9) 
Subject to 
( , , ) 0iDeg t d w i   (5.17) 
( , , ) [ ( , , )] ( ) /i i i i iDeg t d w DC E FP t d w Comp t Ef i
      (5.18) 
1
1
( ) [ ( , , )] ( )
0.1 ( , , )
(1) ( )
time
i i i
i
tCi Cii
i i
Av t E FP t d w Comp t
Ef
M M it d w
SOCI Trip t



   
  
    
   
  (5.19) 
1
( ) [ ( , , )] ( )
0.99 ( , , )
(1) ( )
time
i i i
i
tCi Cii
i i
Av t E FP t d w Comp t
Ef
M M it d w
SOCI Trip t

   
  
    
   
  (5.20) 
 ( , , ) ( , , ) ( ) ( )i i i i iMxAP t d w POP t d w Comp t MP Av t i      (5.21) 
( , , ) ( , , ) ( )i i i iMnAP t d w POP t d w MP Av t i     (5.22) 
( , , ) ( , , ) ( ) ( , , )i i i i iRsRP t d w POP t d w MP Av t MnAP t d w i      (5.23) 
( ( , , ) ( , , )) ( ) ( )i i i i i CiMxAP t d w POP t d w Comp t Ef SOCI t M i             (5.24) 
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( , , ) ( , , )
0( , , ) ( , , )
( ) ( )
i i
i i
i i i
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iRsRP t d w t d w
Comp t Ef SOCI t
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( , , ) 0 , ( , , ) 0 , ( , , ) 0i i iMxAP t d w MnAP t d w RsRP t d w i     (5.28) 
( , , ) ( )i i iPOP t d w MP Av t i     (5.29) 
( ) ( , , ) ( 1, , ) ii i i
f
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Av t SOC t d w SOC t d w i
E
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All of these constraints are operational constraints that were explained and discussed in 
details in chapter 3 (Section 3.2.2). The only difference is that new dimensions were 
added to be taken into account (days and weeks dimensions). The resulting maximum 
profit needs to be scaled up and the EV operational decision variables values will be used 
as inputs to calculate the maximum profit for another point on any linear curve in Figure 
‎5-1 as was explained in the previous section. 
5.5 Energy storage Planning  
The planning equations for the case of using energy storage units are very similar to the 
introduced equations for the case of the EV aggregator (Section 5.1). But there are two 
main differences between the two cases. The first difference is in the daily expected 
income and cost equations. This difference comes from the fact that the dedicated energy 
storage unit makes the profit from only participating in the ancillary services markets. 
Another important point is the fact that the dedicated energy storage units are always 
available so there will be no need for taking the possibility of unexpected unavailability 
into account (i.e. compensation factor for any EV, Compi=1, and EV availability 
percentages, EVPer=1). The second difference is about the definition of investment cost 
for the case of dedicated energy storage. The EV aggregator does not invest in buying 
energy and power capacities because it depends on its fleet of aggregated EVs in this 
aspect. But this is not the case for the energy storage. The main investment cost comes 
from buying energy and power capacity that will allow participating into the ancillary 
services markets. The optimality for the case of using energy storage units is same as the 
case of EV aggregator in the operational aspect. But it is different in the planning aspect, 
where optimality comes from finding the optimal energy storage capacity and the optimal 
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charger power rate. Thus, the investment cost equation needs to be redefined. The daily 
expected income and cost equations for the case of using dedicated energy storage units 
are 
( , , ) ( , , )
( , ) ( , , ) ( , , )
( , , ) ( , , )
                 
RU U
RD D
t
RR R
P t d w R t d w
In d w P t d w R t d w
P t d w R t d w
  
 
   
  
        (5.33) 
And 
   ( , ) [ ( , , )] ( , , ) ( , , )i i
i t i t
C d w E FP t d w P t d w Deg t d w           (5.34) 
The summation for the number of EVs in the EV aggregator’s cost equation (5.2) is used 
here in equation (5.34) in order to sum over the number of used energy storage units 
instead. Same thing applies for the case of equations (5.3) to (5.5) that are used to 
calculate the energy storage regulation up , regulation down and responsive reserve 
capacities with the replacement of the total EVs number in the summation by the total 
energy storage units that are used. Equation (5.6) is used here to calculate the expected 
power draw of each energy storage unit. Equation (5.7) is used as it is to calculate the one 
year profit but the investment cost equation (5.8) will be redefined to express the 
investment cost for this case. The new investment cost equation is 
 _ Cos arg _ Cos ( ) _ Cos ( )
i
Investment t Ch er t MP i Energy t Mc i           (5.35) 
The new investment cost equation states that the only costs that are taken into account are 
the energy and power capacities costs only. Other costs were ignored but they can be 
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added to this equation easily.  The total profit from the investment in dedicated energy 
storage units are calculated using the equation(5.36). 
  
   
1
1
_ _ _
1 _
                                            
Ny
y
y
Total Profit Y ear Profit Investment Cost
dis rate
 
   
  
  (5.36) 
5.6 The Proposed Methodology for Finding the Energy Storage Units 
Maximum Profits 
As shown in(5.35), the investment cost is composed of two terms only. Therefore, for a 
given investment cost, the more investment in any source of cost will definitely lead to 
less investment in the other cost source.  The comparison of the energy storage option 
with the EV aggregator option for an investor will be based on using a fixed investment 
cost for each option. The fixed investment cost is obtained from the EV aggregator 
planning process and it is used as an input for the storage planning case. For this constant 
investment cost, the power capacity will take different values and for each value, the 
power cost will be subtracted from the investment cost and the remaining capital will be 
used to obtain energy capacity. For each assumed power capacity with the corresponding 
energy capacity, optimization problem will be solved with the objective of finding the 
maximum possible profits over the same time span that was used for the EV aggregator 
case. The optimization problem will be subjected to the same operational constraints that 
were discussed before in chapter 3 (Section 3.3.2). The resulted profit from each 
optimization problem will create a profit curve and the optimal case is the case with the 
highest profits. The corresponding power and energy capacities for the case with the 
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highest profits are also optimal. The relationship between the investment cost and energy 
and power capacities can be expressed mathematically by 
 
For a certain assumed Power capacity MP
_ Cos arg _ Cos
The corresponding MC=
_ Cos
Investmment t MP Ch er t
Energy t
         (5.37) 
The previous equation assumes that only one big battery is used. The range of power 
capacity will start from nearly zero power capacity (Almost maximum possible energy 
capacity) until almost maximum possible power capacity (Almost zero energy capacity) 
5.7 The Proposed Optimization Problem. 
For a certain Power capacity and its corresponding energy capacity, the proposed 
optimization problem for finding the maximum profit is (Assuming that one battery is 
used i.e. i=1 and the Avi=1) 
maximize  _ PrTotal ofit  (5.38) 
Where 
Dedicated Energy storage total profit equation (5.36) 
Subject to 
( , , ) 0iDeg t d w i   (5.39) 
( , , ) [ ( , , )] ( ) /i i i i iDeg t d w DC E FP t d w Comp t Ef i
      (5.40) 
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All of these constraints are operational and were explained in Section 3.3.2. The main 
difference is the addition of the day and week notations to the symbols. The resulting 
profit from the optimization problem does not need to be scaled because the used 
investment cost which was taken from the optimized EV aggregator case was already 
scaled by the corresponding resulted scaling factor (Section 5.3).      
5.8 Case Study 
The aim of this case study is to assess two investment options in the electricity market. 
Planning aspects, such as the investment cost, discount rate and the project life time are 
considered. As explained before, a year is represented by selecting representative weeks 
which are weighed by a scaling factors  and the sum of these factors must equal 52. For 
our case, the available data were only for three months (Which was used for finding the 
optimal charging and bidding strategies in the previous two chapters) so a representative 
week was selected from each month and the three selected weeks were scaled by the 
same factor (k=17). The selection of the representative week for a certain month was 
based on the Euclidean distance between the energy prices for a certain week and the 
energy prices for the remaining weeks for that month. Choosing the energy price as 
criteria is due to its significant effect on the EV aggregator/energy storage units bidding 
strategies and profits. A fixed size fleet of 50 EVs was selected to be used for all EV 
aggregator case optimizations. This fleet consists of Nissan Leaf EVs with a percentage 
of 50%, Mitsubishi i-MiEV with a percentage of 20% and Tesla Model-S EVs with a 
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percentage of 30%. The charging and discharging efficiencies are assumed to be 90%. 
Each day will be operationally independent with no simulation for the actual real time 
charging behavior and no updating for the initial SOC as was the case in the operational 
market-based evaluation in the previous chapter. This market-based evaluation is 
assumed to occur in Houston, Texas which is expected to have considerable numbers of 
EVs by the year 2020[81]. According to [81], it is expected to have more than 70,000 
EVs in the city of Houston by the 2020 so the total EVs available in the pool is 
considered to 70,000. The investment costs for EV aggregator case are taken from[68] 
and shown in Table ‎5-1. The same reference was used also in finding the charger 
investment cost for the energy storage unit case which is considered to be equal to the 
bidirectional cost of the case of EV aggregator. This is based on the assumption that the 
cost of retrofitting the EV charger from the unidirectional charging status to bidirectional 
charging status is equal to the bidirectional inverter cost in the year 2020. The other 
needed investment cost for the case of energy storage unit is the energy capacity cost at 
the year 2020. Because all EVs use Lithium-ion batteries, it is assumed that Lithium-ion 
batteries are also used for the dedicated energy storage units case. According to many 
predictions of different studies[82], the range of the price of Lithium-Ion batteries will be 
between 200 and 400 $/KWh by the year 2020, as shown in Figure ‎5-2. In the base case, 
the energy capacity price used in this case study is 200 $/KWh. A life time of 12 years 
and discount rate of 5% are used for both cases.  
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Figure ‎5-2 Cost predictions for the Lithium-Ion battery prices [82] 
5.9 Results 
The comparison between the two investment options from planning aspects is performed 
by finding the optimal fixed charging tariff that makes the highest profits for the case of 
EV aggregator. This will be done for each of the five assumed linear relationships 
between the fixed charging tariff and percentage of participation in Figure ‎5-1. One case 
will be selected from the five linear relationships and the investment cost will be obtained 
for this case at the highest profit. This investment cost will be used in a sensitivity 
analysis that aims to find the optimal power and energy capacities which maximize the 
profit for a dedicated energy storage unit. The maximum profits of the EV aggregator and 
energy storage unit cases will be compared to decide on the most profitable investment. 
The results of the other cases of Figure ‎5-1 will be presented as well. 
5.9.1 EV Aggregator Case 
As explained in Section 5.3, the planning optimization problem in Section 5.4 will be 
solved only for one point. This point can be selected from any linear relationship in 
Figure ‎5-1 and the results of this optimization can be used to find the profits for other 
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points on any linear relationship curve with no need to repeat the optimization. The 
optimization was done for the fixed charging tariff of 0.05$/KWh on line 1 (The line with 
the least maximum assumed participation of 20%). The resulting optimal operational 
parameters (POP, MxAP, MnAP and RsRP) where used as inputs to a sensitivity analysis 
that aims to find the variation in profits as the fixed charging tariff is changed. The 
sensitivity analysis was done for each linear curve of the assumed five linear curves and 
the results are shown in the Figure ‎5-3 to Figure ‎5-7. 
 
Figure ‎5-3 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 20% (Line 1 on Figure 5-1) 
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Figure ‎5-4 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 40% (Line 2 on Figure 5-1 ) 
 
Figure ‎5-5 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) 
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Figure ‎5-6 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 80% (Line 4 on Figure 5-1) 
 
Figure ‎5-7 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 100% (Line 5 on Figure 5-1) 
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Several notes can be induced from the Figure ‎5-3 to Figure ‎5-7. It can be noticed that 
they share a similar general pattern. Also, the profits increased by the increment of the 
percentage of participation. Also, it is clear that for an EV aggregator to make the 
maximum profits, it has to charge the EV owners at a moderate fixed charging tariff. Low 
profits are achieved when the fixed charging tariff is zero, i.e. where all profits are 
achieved from the ancillary services markets. Low profits are achieved when the fixed 
charging tariff is very high because the EV participation percentage is very low. The 
figures shows that the maximum profits are obtained when the fixed charging tariff is 
moderate, 0.05 $/KWh. The corresponding percentage of participation for each case at a 
fixed charging tariff of 0.05 $/KWh shows that the optimal percentage of participation for 
each case is always around 58% of the maximum possible percentage of participation as 
shown in Figure ‎5-8. 
 
Figure ‎5-8 The corresponding percentage of participation for each case when the markup price is 0.05$/KWh 
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The previous figures show that the optimal fixed charging tariff is the same for an EV 
aggregator with any fleet size from the technical point of view. That can be explained by 
the fact that the EV aggregator is obligated to charge its fleet and depending on a 
relatively moderate profit percentage from participating into the ancillary services 
markets and from the EV charging will make the maximum profit. But the optimal fixed 
charging tariff might change if the competition from other EV aggregators is taken into 
account. 
5.9.2 Energy Storage Unit Case 
The optimal fixed charging tariff that causes the maximum profits for the EV aggregator 
was found for each case as shown in the previous section. The corresponding investment 
cost for each optimal point from any case can be used as an investment cost for the 
energy storage unit planning. Using the same investment cost will yield into a fair 
comparison between the two investment options. For comparison purposes, the 
investment costs of the optimal point of line number 3 at Figure ‎5-1 (Maximum 
percentage of participation allowed is 60%) was used. This investment cost equals $ 
41.06 million and it will be used as a fixed investment cost for a sensitivity analysis 
which aims to follow the variation in the resulted profits as the energy and power 
capacities of the energy storage unit are changing. The important condition is that for any 
tested energy and power capacities, the investment cost must always equal to $ 41.06 
million. If it is assumed that the whole investment cost is used for acquiring power 
capacity only with zero energy capacity, the resulted power capacity is around 219,930 
KW so the sensitivity analysis will be done starting from a power capacity of 100 KW. 
The corresponding energy capacity for each case will be calculated from (5.37). The 
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increment in the power capacity will be by 100 KW each time. This yields to a total 
number of 2199 possible cases. The maximum possible profit is obtained for each case 
and the corresponding power and energy capacities for the case of maximum profit will 
be optimal. The range of the energy and corresponding power capacities for all 
optimization cases are shown in Figure ‎5-9. And the sensitivity analysis results are shown 
in Figure ‎5-10. 
 
 
 
Figure ‎5-9 Energy and the corresponding power capacities for all possible cases 
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Figure ‎5-10 Sensitivity analysis for the profits variation with the power and energy capacities variation 
The previous two figures show the behavior of profits as the power capacity is increasing 
and the energy capacity is decreasing. The profits started with a negative value as the 
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optimization case number 1010. The maximum profit is $39.78 million and the 
corresponding energy and power capacities are 111 MWh and 101 MW. 
It is very clear that the profits of EV aggregator ($ 255 million) are much higher than the 
profits of the energy storage unit administrator ($39.78 million) for the same investment 
cost. The energy storage administrator’s profits are lower than the EV aggregator’s 
profits by of 84.4%. This indicates the great advantage of investing in creating EV 
aggregator instead of getting dedicated energy storage units for the participation in the 
ancillary services markets. The reason of the very low profits of energy storage unit 
administrator is the low power and energy capacity that can be purchased by the same 
investment cost that can be used by the EV aggregator. Note that the operational results 
of chapters 3 and 4 show that using dedicated energy storage units is more beneficial than 
operating EV aggregator if both options have the same storage capacities and when the 
initial investment cost is not considered. The results presented here clearly demonstrate 
that due to very high initial capital cost of the energy storage option, long term 
investment in EV aggregators is more worthwhile.  
The optimal storage sizing which achieves the highest profits was found for each linear 
curve in Figure ‎5-1 and the complete results are shown in Table ‎5-2. The results of Table 
‎5-2 ensures that investing in creating EV aggregators is always more beneficial than 
investing the same amount of money in purchasing energy and power capacities. 
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Table ‎5-2 Optimal storage sizing and comparison of profits for cases of investing in EV aggregators and energy 
storage units 
Line 
Investment 
cost ( 
Million$) 
Optimal 
power 
capacity 
(MW) 
Optimal 
Energy 
capacity 
(MWh) 
Energy 
storage 
profits 
(Million $) 
EV 
aggregator 
profits 
(Million $) 
Difference  
1 13.687 33.6 37 13.26 85.1 84.4% 
2 27.374 67.3 74 26.519 170 84.4% 
3 41.061 101 111 39.779 255 84.4% 
4 54.749 134.7 148 53.04 340 84.4% 
5 68.436 168.3 185 66.3 425 84.4% 
 
5.9.3 Sensitivity Analyses  
This section studies the effect of changing number of parameters on the results that were 
found in the previous two sections. All comparison cases between the results of the new 
cases and the original results are based on using the line number 3 from Figure ‎5-1 
(Where the maximum percentage of participation is 60%) for the case of EV aggregator. 
The investment cost for the optimal EV charging tariff (Where the EV aggregator’s 
profits are maximum) is to be used to find the optimal energy storage unit capacities 
which lead to the maximum profits. 
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5.9.3.1 Effect of Changing the Power Cost 
As explained before, the power cost is used in both the EV aggregator and energy storage 
unit cases. The power cost for the EV aggregator case is assumed to be the cost of 
retrofitting the EV to be able to perform bidirectional V2G service. On the other hand, 
the power cost is assumed to be the charger cost for the case of using energy storage 
units. If the power cost is doubled (Power cost is increased from 186.7 $/KW to 
373.4$/KW), the investment cost for the case of EV aggregator will increase, see 
equation (5.8).  
The new results are shown in Figure ‎5-11 that shows that the profits have dropped by a 
percentage of 14.9% from $ 255 million to $ 217 million. It can also be noticed that the 
optimal fixed charging tariff did not change, however, the figure shows a trend for raising 
the fixed charging tariff if compared to the original case where the second optimal fixed 
charging tariff is 0.04 $/KWh while the second optimal fixed charging tariff is 0.06 
$/KWh for the new case. The drop in the profits can be explained by the increment in the 
investment cost which equals $ 79 million instead of $ 41 million (48.1% increase).  
108 
 
 
Figure ‎5-11 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when the power cost is doubled 
 
Figure ‎5-12 Sensitivity analysis for the profits variation with the power and energy capacities variation when the 
power cost is doubled 
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The new investment cost is used to find the optimal energy storage size for the case of 
using dedicated energy storage units when the power cost is doubled. The same 
procedure that was used in section 5.9.2 was used and the results are shown in Figure 
‎5-12. It is clear that the profits have dropped by a percentage of 26.9% from $ 39.78 
million to $ 29.07 million. The optimal power and energy capacities for the new case are 
124.8 MW and 162.3 MWh which are larger that the optimal capacities of the original 
case because of the rise of the investment cost. These results indicate that the dedicated 
storage investment is more sensitive to change in power cost than the EV aggregator 
investment. 
5.9.3.2 Effect of Changing the Energy Cost 
The energy cost is also used for both cases. It is the battery replacement cost for both 
cases as well as the energy capacity cost for the case of using energy storage units. For 
the EV aggregator case, the investment cost is not a function of energy cost (Battery 
replacement cost). The new results are shown in Figure ‎5-13 which shows the similarity 
between the results of the original and new case. The profits only dropped by a 
percentage of 0.78% from $ 255 million to $ 253 million. This indicates the fact that 
changing the battery replacement cost for the EV aggregator doesn’t affect the results 
significantly because the battery replacement costs are not included in the investment cost 
and the power draw behavior is mostly charging for the EV aggregator (As seen in Figure 
‎3-17). For the case of energy storage units, doubling the energy cost has a significant 
effect on the profits as shown in Figure ‎5-14. The profits have dropped by percentage of 
75.3% from $ 39.78 million to only $ 9.8246 million. The optimal power and energy 
capacities are 71400 KW and 69327 KWh only.  
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Figure ‎5-13 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when the energy cost is doubled 
 
Figure ‎5-14 Sensitivity analysis for the profits variation with the power and energy capacities variation when the 
energy cost is doubled 
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This significant drop in the profits of the storage unit case can be explained by the fact 
that the investor in creating EV aggregators is not exposed to this variation in cost which 
means that the investment cost did not change. It is only exposed on the operational level 
because of the battery replacement cost which didn’t affect the profits that much 
especially that the EV aggregator do not discharge its fleet very much because of the high 
degradation cost. On the other hand, this variation in the energy cost affects the whole 
investment in energy storage units. The profits of this case are affected on the investment 
level as well as on the operational level which leads to this great drop in profits. It can be 
concluded that the variation of energy cost could have a devastating effect on the case of 
using energy storage units while it has a mild effect on the case of EV aggregators.  
5.9.3.3 Effect of Using Zero Discount Rate 
As was explained earlier in this chapter, the operational profits for the life time of the 
project needed to be calculated. This was done by finding the operational profits of the 
first year then using the present worth value method to estimate the profits of the future 
years. The original case used a discount rate of 5% to take the future value of money into 
account when calculating the present value of money. For the case of using zero discount 
rate, the new results of the EV aggregator case are shown in Figure ‎5-15. The Figure ‎5-15 
shows that the optimal fixed charging tariff have changed from 0.05$/kWh to 0.04 $/kWh 
and the profits for the new case are higher by a percentage of 29% (Profits of the new 
case is $ 360 million and $ 255 million for the original case). The increment of the profits 
is expected because the usage of a zero discount rate means that the future value of 
money is assumed to be equal to the present value of money which is not the case for the  
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Figure ‎5-15 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when zero discount rate is used 
original results in section 5.9.1. The investment cost of the optimal EV aggregator case is 
then used to find the optimal energy storage unit capacities. The results for the energy 
storage unit case are shown in Figure ‎5-16. The profits for the new case have increased 
by a percentage of 49% to $ 78.16 million compared to $ 39.78 million of the original 
case. The high increment of profits for the case of energy storage unit is due to two 
reasons. The first reason is the usage of a zero discount rate as was explained before and 
the second reason is the increment of the available investment cost that resulted from 
using a lower EV charging tariff (0.04 $/kWh) compared to the original case 
(0.05$/kWh). The lower EV charging tariff indicates a higher percentage of participation 
in the EV aggregation program which increases the investment cost.   
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Figure ‎5-16 Sensitivity analysis for the profits variation with the power and energy capacities variation when 
zero discount rate is used 
 
The optimal energy and power capacities for the new case are 127 MWh and 115.4 MW 
which is higher than the optimal capacities of the original case because of the increment 
of investment cost. 
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Figure ‎5-17 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when 10% discount rate is used 
 
 
Figure ‎5-18 Sensitivity analysis for the profits variation with the power and energy capacities variation when 
10% discount rate is used 
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which the profits for the new case has dropped by 47% from $ 39.78 million for the 
original case to $ 21.08 million for the new case. The optimal capacities of the energy 
storage unit did not change because the investment cost is the same for the original and 
new cases. 
5.9.3.5 Effect of Doubling the Communications and Meters Costs 
The costs of communication systems and smart meters for each EV are assumed to be 
handled by the EV aggregator as was explained before. This section studies the effect of 
doubling these two costs on the profits of cases of EV aggregator and dedicated energy 
storage units. The results for the case of EV aggregator are shown in Figure ‎5-19. 
 
Figure ‎5-19 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when the communications and meter 
costs are doubled 
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The results of the new case show that the EV aggregator profits slightly affected by the 
increment of the communications and smart meter costs. The profits have dropped only 
by 1.2% from $ 255 million to $ 252 million. The increment of the communications and 
smart meter costs for the case of EV aggregator will increase the investment cost which is 
used for the energy storage unit case. The results for the case of energy storage unit are 
shown in Figure ‎5-20 which shows that the profits have increased by 7% to $ 42.73 
million. The new energy and power capacities for the energy storage unit are 119.2 MWh 
and 108.5 MW which are higher than the capacities of the original case because of the 
increment of investment cost.  
 
Figure ‎5-20 Sensitivity analysis for the profits variation with the power and energy capacities variation when the 
communications and meter costs are doubled 
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5.9.3.6 Effect of Using 50% SOC as the Minimum Discharging Limit  
The results of the original cases and the corresponding sensitivity analyses for both cases 
of EV aggregator and dedicated energy storage unit were taking a low discharging limit 
(The battery can discharge up to 10% of its SOC) into account. This case studies the 
effect of using much higher discharging limit on the profits of the investment in EV 
aggregators and energy storage units. The results of the new case for the EV aggregator 
are shown in Figure ‎5-21. The results show that minimum discharging limit has a great 
effect on finding the optimal EV charging tariff by the EV aggregator. The EV charging 
tariff is reduced to 0.03$/kWh instead of 0.05$/kWh for the original case. This reduction 
reflects the fact that the EV aggregator needs to attract more EV owners to join the 
aggregation program because the high minimum discharging limit reduces the aggregator 
 
Figure ‎5-21 Sensitivity analysis on the effect of changing the fixed charging tariff on the EV aggregator's profits 
for a maximum participation percentage of 60% (Line 3 on Figure 5-1) when minimum discharging limit of 
50% SOC is used 
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ability to make profits from charging and discharging a small number of EVs which 
enforces the EV aggregator to target a larger portion of the available EV owners to 
mitigate the effect of the high minimum discharging limit. The profits of the new case 
dropped by 12% to reach $ 224 million instead of $ 255 million in the original case. The 
results of corresponding energy storage unit are shown in Figure ‎5-22. The profits of the 
new case are increased by 19% to reach $ 49.19 million. This increment is explained by 
the fact that the investment cost for the case of EV aggregator has increased as a result of 
reducing the EV charging cost which increased the number of participated EVs into the 
aggregation program. The optimal energy and power capacities are 144.6 MWh and 
127.8 MW. 
 
Figure ‎5-22 Sensitivity analysis for the profits variation with the power and energy capacities variation when 
minimum discharging limit of 50% SOC is used 
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5.10 Summary 
In this chapter, a novel methodology for the market-based evaluation of two possible 
investment options, the EV aggregator and the dedicated energy storage units, was 
introduced. The two possible investment options were to be used in bidding ancillary 
services into the market. The proposed methodology took the planning and operation 
aspects of both cases into consideration and the comparison was based on selecting the 
option with the highest profits over same initial investment cost, same the life time and 
same discount rate for both cases. The results showed that the EV aggregator investment 
is much profitable than the dedicated energy storage units investment. That is due to the 
high cost of energy storage capacities that are needed by the second option to bid into the 
ancillary services markets which is not the case for the EV aggregator option that 
depends on the existing batteries of its fleet. Sensitivity analyses were made to observe 
the effect of different cases on the obtained results of both options did not change the 
previous conclusion. The most important of these parameters were the energy cost which 
affects the dedicated energy storage unit significantly and the minimum discharging limit 
which affects the percentage of participation in the EV aggregation program.     
 
 
 
 
 
120 
 
6 CHAPTER 6 
CONCLUSION AND FUTURE WORK  
The investment in the electric sector is becoming more possible due to the deregulation of 
the electric sector. This deregulation resulted in creating electric markets for services 
such the ancillary services. The regulation and responsive reserve services are very 
important for the electric grid stability and investing in providing such services is an 
option that needed to be market-based studied to assess its financial feasibility. Two 
investment options that can be used in bidding into the ancillary services markets were 
market-based evaluated in this thesis. The first option is to create an EV aggregator that 
uses the battery capacities of its fleet to bid into the regulation and responsive reserve 
markets. The aggregator also makes profits from charging its fleet using a discounted 
charging tariff to attract EV owners into participation in the aggregation program. The 
second option is to invest in buying dedicated energy storage units that will be used to bid 
into the ancillary services markets. The market-based evaluation needs to take the 
operational and financial aspects into account. The operational aspects are important in 
order to find the operational profits of each option. This thesis introduced an optimal 
charging and bidding strategies for each investment option in chapter 3. These strategies 
were found by formulating the objective function with the corresponding electrical 
constraints for each case and then solving them to find the optimal operational parameters 
for each battery of both cases. The operational charging and bidding strategies and the 
resulted profits results of each option were extensively discussed and compared. The 
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results have shown that the operating energy storage units is more profitable than the case 
of operating an EV aggregator for the same power and energy capacities and without 
taking the investment cost into account. This work was extended to take the uncertainties 
of the ancillary services prices into account using fuzzy linear programming to solve the 
optimization problem that was formulated in chapter 3. The optimization problem was 
modified by introducing fuzzy constraints to express the uncertainty of ancillary services 
prices. The optimization results of the fuzzy case were compared to the original results of 
chapter 3. The results have shown that using FLP will lead to reducing the investment 
risk by reducing the gap between the excepted and actual profits but it will also lead to 
the reduction of the actual operational profits if compared to the deterministic case. The 
battery degradation cost that should be paid to the EV owners as a compensation for 
discharging their batteries to perform V2G services were considered into the operational 
optimization problems of both options. 
The formulated optimization problem that aimed to find the optimal charging and bidding 
strategies for each option were used in formulating optimization problems with an 
objective of finding the optimal planning parameters that will led to the maximum profit 
for each option. The planning parameter that needed to be optimized for the case of EV 
aggregator is the EV charging tariff. The energy and power capacities of the dedicated 
energy storage unit were the planning parameters that should be optimized. The 
comparison was based on using the same investment cost and same time horizon for both 
options. The planning optimization problem calculated the operational profits for the time 
horizon by finding the profit of the first year then applying present worth value method 
for the remaining years. The results have shown that the investment in creating EV 
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aggregator that uses a moderate EV charging tariff is much more profitable than the 
investment in buying dedicated energy storage units. These results were supported by a 
number of sensitivity analyses to measure the effect of modifying some parameters of the 
optimization problem for both cases. These parameters are the energy price, the power 
charger price, the discount rate and the minimum discharging limit. The investment in 
EV aggregators is much more profitable mainly because the investor will not be exposed 
to the battery energy cost as it is the case when investing in buying dedicated energy 
storage units. 
For future work, the fuzzy linear programming optimization problem can be more 
enhanced by taking the uncertainties of the ancillary services deployment signals into 
account and by finding better minimum and maximum limits for the fuzzy constraints 
which will enhance the fuzzy optimization results when compared the original case. The 
results can be enhanced by using more representative weeks to calculate the yearly profit. 
Representative week from each session for example will represent the year in a better 
way. 
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